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ABSTRACT OF THESIS 
 
 
 
AN ECONOMETRIC ANALYSIS OF INFANT MORTALITY, POLLUTION, AND 
INCOME IN THE U.S. COUNTIES 
 
The concept of economic development has broadened to include environmental 
quality and population health. Interactions between income and pollution, income and 
health, and pollution and health have been studied separately by researchers from various 
disciplines. This study attempts to unify several different research strands and analyze 
simultaneous interactions between population health, measured by the infant mortality 
rate, pollution, and income in one endogenous system. Socioeconomic, racial, and rural – 
urban disparities in infant mortality, pollution, and income are analyzed. The 
simultaneous equation system, estimated using the two-stage least squares method, tests 
whether pollution effects on infant mortality are outweighed by income effects.  
The study finds that income is a stronger determinant of infant mortality than 
pollution. Evidence for the environmental Kuznets curve is ambiguous. Disparities in 
infant mortality, pollution, and income are correlated with counties’ rural-urban status, 
income inequality, and ethnic diversity. Regional patterns identify wide geographical 
differences in levels of pollution, income, and infant mortality. The Southeast region 
stands out as a region with the highest infant mortality rate, relatively high levels of air 
pollution and chemical releases, and low per capita incomes. 
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CHAPTER I 
INTRODUCTION 
 
The United States (U.S.) has surprisingly high levels of income inequality as well as 
significant health disparities compared to other high income countries in Europe. Besides health 
and income disparities, there is great variation in pollution levels and environmental quality 
across the U.S. counties and regions. A research topic of the National Institute of Environmental 
Health Sciences (NIEHS) is “to understand how poverty, environmental pollution, and health 
interrelate.” The economics literature has linked economic development and environmental 
concepts. However, having been viewed as the domain of epidemiologists, the economics 
literature is limited with respect to studies that also account for population health effects. Yet, it 
is well-known that poverty-stricken people are more likely to have poor health, not only because 
of income-related factors like medical care access, poor nutrition, or occupational hazards, but 
also because of greater exposure to environmental pollution. Once people enter a poor health 
status, their earning capabilities suffer. In general, regions with persistent poverty, 
overrepresented by rural areas in the U.S., are likely to have higher rates of disease and mortality 
(Peck and Alexander, 2003). Such relationships may also be observed in developing countries, 
where, in addition to poverty and poor health, environmental degradation is also a salient issue. 
Research linking health, environment, and economic development has recently been gaining 
interest, as evidenced by the nature of Requests for Applications (RFA) published by research 
institutes and governmental agencies in 2002 (Fogarty International Center and the National 
Institutes of Health, 2002). Thus, the broad concept of development should incorporate not only 
the level of income in a country or region, but also income distribution, population health status, 
and environmental quality – aspects that influence quality of life.  
Most studies that examine the linkages between economic development, environmental 
quality, and population health status have an international focus and tend to compare developed 
and developing countries (Gangadharan and Venezuela, 2001). Yet the relevance of 
environmental health and development issues is no less important in developed countries like the 
United States. Despite an efficient health care system, the health status of the U.S. population 
lags behind that of other nations. The U.S. ranks 22nd in infant mortality, and life expectancies 
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are rated 10th and 20th for females and males, respectively (Dever, 1991). A descriptive analysis 
of county-level mortality by race for the period 1965-1994  reveals great variation in mortality 
rates across socioeconomic groups stratified by income, education, and race (Murray et al., 
1998). The results of the descriptive analysis by Murray et al. indicate that counties with higher 
income and education levels have higher life expectancy. Counties with a greater proportion of 
African Americans have a lower life expectancy, independent of the level of education and 
income. Murray et al. also note that inequality in life expectancy has risen with income 
inequality from 1980 to 1990, despite a general overall improvement in life expectancy over that 
period. 
An excerpt from the NIEHS research agenda indicates the relevance of the linkages 
between health, poverty, and pollution in the U.S: 
 
The affluent citizens of this Nation enjoy better health than do its minority and poorer 
citizens. The most striking health disparities involve shorter life expectancy among the 
poor, as well as higher rates of cancer, birth defects, infant mortality, asthma, diabetes, 
and cardiovascular disease. Although health care access might account for some of this 
disparity, the differences in environmental and occupational exposures are also thought to 
play a role. Minority and poorer people are more likely to live in communities with 
polluted environments and to work in hazardous occupations. There may also be a 
disproportionate placement of pollution-intensive industries and hazardous waste sites in 
low-income and minority communities. Clearly research into the influence of poverty and 
environmental pollution on human health needs to be encouraged, and the training and 
support of researchers in this field needs to be increased (NIEHS, Health Disparities 
Research). 
 
Total wealth is only one of the determinants of health status (Wolfson et al., 1999; Ettner, 
1996; Smith, 1999). Unequal income distribution or inability to wield power in the political 
process (i.e. power inequality) may also influence health status through psychological and 
material pathways. Often income inequality and power inequality issues are intertwined with 
racial inequalities, even in a developed and democratic country like the U.S. Although the 
poverty rate has been declining and is now at its lowest point since 1980 (12.1% or 34.6 million 
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people were below the poverty line in 2002), the income gap between the richest and the poorest 
individuals is still growing. The top 5% of households increased their share of total income from 
43.6 to 49.6% between 1973 and 2000, while the bottom 5% of households had their share of 
income drop from 4.2% to 3.6% (Lichter and Crowley, 2002). The racial gap in poverty has also 
remained substantial despite improvements in poverty rates among minorities.  The poverty rates 
for African Americans and Hispanics are more than double the poverty rate for people belonging 
to the white, non-Hispanic race.  In 2002, 24.1% of African Americans and 21.8% of Hispanics 
had incomes below the poverty line compared to only 8% of white, non-Hispanics (U.S. Census 
Bureau, 2003). 
The racial inequalities in income and health status have been on the minds of 
epidemiological, sociological, and economic researchers for decades. Furthermore, 
socioeconomic status, measured by income level and education, is correlated with racial status. 
As indicated above, a disproportionate number of minorities experience poverty. In analyses of 
population health, it is hard to untangle effects related to socioeconomic inequalities and racial 
disparities. Kaplan notes, as cited by Dever (1991), that “because socioeconomic position and 
race are related, racial differences in risk factors or medical care are often proposed as 
explanations for gradients of disease associated with socioeconomic position. However, 
socioeconomic gradients are found within racial and ethnic groups and in some cases, 
socioeconomic position may actually account for what appears to be racial differences in health.” 
 Reproductive health measures, including infant mortality rates, are often used as 
indicators of population health status. The infant mortality rate is not only responsive to the 
socioeconomic status of the parents or local population but is also sensitive to environmental 
quality. The U.S. Environmental Protection Agency (EPA) uses the infant mortality rate as an 
environmental health indicator because children are generally more vulnerable to pollution 
threats than are adults (U.S. EPA, 2002). A recent EPA report (2002) finds that various 
pollutants affect children in different ways. Women living in areas with higher levels of ozone 
and carbon monoxide pollution are three times more likely to have babies with serious birth 
defects, a major risk of infant mortality. Also, a higher risk for certain birth defects was found for 
mothers living within 1/4 mile of hazardous waste sites (U.S. EPA, 2002). Exposure to certain 
toxins such as pesticides and mercury can also lead to an increased risk of birth defects. Studies 
in the past have examined the effects of income inequality, poverty, and socioeconomic status on 
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The infant mortality rate (IMR) among blacks is almost twice as high as mortality figures 
for white infants (MMWR, 1987). Although the racial gap in infant mortality has narrowed, wide 
disparities are still present. A more recent MMWR publication reports a median black IMR of 
13.9 per 1,000 live births; a substantially higher value than for both whites and Hispanics (6.4 
and 5.9 per 1000 live births, respectively; MMWR, 2002). Furthermore, black IMRs were 1.4 - 
4.8 times higher than white IMRs in 49 cities (MMWR, 2002). Major factors that contribute to a 
higher IMR among African Americans are the greater likelihood of preterm delivery and low 
birthweight. Polednak (1991) finds that racial segregation is an important macrolevel predictor of 
greater black-white IMR differences in 38 U.S. metropolitan statistical areas, independent of 
differences in median income.  
 In addition to the socioeconomic and racial gaps in health status, there exist disparities in 
pollution exposure. The environmental justice movement of the early 1990s encouraged research 
into questions concerning whether socioeconomically disadvantaged people, as well as racial 
minorities, face greater risks of adverse pollution exposure and, therefore, greater health risks. A 
1992 EPA report finds that socioeconomic status and race are important determinants of 
environmental discrimination (identified as a greater likelihood of and degree of exposure) 
among minorities and the poor (EPA, 1992). However, the EPA points out inherent 
methodological problems present in environmental justice assessments and notes a general lack 
of data on the health effects of pollution exposure in disadvantaged communities. A few 
epidemiologic studies do find that children of racial and ethnic minorities are more likely to have 
elevated blood lead levels, asthma, or birth defects due to higher levels of pollution exposure 
(Lanphear et al., 1996; Metzger et al., 1995; Montgomery and Carter-Pokras, 1993). 
 In addition to disparities in health and pollution exposure among various racial and 
income groups, health disparities are also pronounced along the rural-urban continuum of U.S. 
counties. In rural areas, greater teenage birth rates are observed, especially among African 
Americans. Over 25% of rural African American infants were born to teenage mothers, 
compared to 15% of rural white infants (Ricketts III, 1999). The major problem in rural areas is 
poor access to maternal and prenatal care, which is especially relevant for economically 
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disadvantaged women.  In 1997, 40% of non-metropolitan county residents lived in Health 
Professional Shortage Areas (HPSAs) compared to 12% of urban residents (Ricketts III, 1999). 
Infant mortality rates in rural areas have historically exceeded those in urban areas. 
The present thesis will attempt to unify the aforementioned economic development, 
environment, and health issues in an analysis of U.S. counties. The sociological and economic 
phenomena studied in this thesis are major, recent public health and public policy concerns. 
Besides bringing together the pressing issues of the day in a national-scale study, the thesis also 
has a methodological interest. Based on review of economic literature, there is a theoretical 
question as to whether health status, pollution, and income should be treated as endogenous 
variables in aggregate county-level studies. 
It is hypothesized that greater pollution levels will negatively affect health in a direct 
relationship. However, higher pollution levels may be associated with higher income because 
economic development often leads to greater wealth at the cost of greater pollution. Per capita 
income, which reflects the county’s socioeconomic status and the extent of development, is a 
protective factor for health. Higher income is hypothesized to enhance population health status. 
Thus, it is possible that pollution may have an indirect favorable effect on health by allowing an 
increase in income, which, in turn, would allow greater health improvements. 
Infant mortality is chosen as a measure of population health status due to its sensitivity to 
both environmental and economic changes. Furthermore, three different environmental media are 
analyzed: chemical releases, air emissions, and drinking water violations. Chemical releases 
data, which comes from the EPA Toxics Release Inventory, includes releases to land, water, and 
air. Chemicals in the environment, especially carcinogenic chemicals, are hypothesized to have 
long-term health effects, including reproductive health effects like birth defects and infant 
mortality. Air emissions pertain to criteria pollutants that have been known to adversely affect 
children’s and mothers’ health. Drinking water violations reflect the potential exposure to toxins 
that exceed the threshold limits set by the EPA. Besides the potential health effects of the three 
pollution measures, the development implications of pollution in relation to the level of income 
are also analyzed.  
 
 
 
5 
Objectives 
 The purpose of this thesis is to explore the statistical linkages between infant mortality, 
pollution, and per capita income at the county level. Specific objectives of this thesis include the 
following: 1) to test if infant mortality, pollution, and income are endogenous; 2) to test if 
pollution has a negative impact on infant mortality; 3) to test if the negative relationship between 
pollution and infant mortality is offset by increases in income; 4) to test for regional differences 
in infant mortality, pollution, and income; and 5) to test if infant mortality, pollution, and income 
differ along racial, socioeconomic, and rural and urban divisions. 
 
Justification 
 Given the multitude of social problems, reflected in disparities in health, income level, 
and pollution exposure, it is important for policymakers to know the exact nature of interactions 
between economic, health, and environmental indicators. For example, if increases in pollution 
adversely affect population health status and if these effects are not offset by income growth, 
then a more strict environmental policy may be needed. On the other hand, if the income level 
and racial gaps in poverty play an influential role in determining pollution and health status, then 
a policy that focuses on raising overall income level or eradicating poverty may be more 
appropriate. Furthermore, in a country like the U.S., a world leader in terms of economic 
development, the presence of persistently poor regions, racial and economic inequities in health 
status and environmental risks, and health and income disparities between rural and urban areas 
is disturbing. To date, few empirical investigations concerning the linkages of health, social, 
environmental, and economic factors have been conducted using data from all U.S. counties.  
 
Thesis Organization 
This thesis is divided into five chapters. Chapter 1 provided background and justification 
of the research topic addressed in this thesis. In a similar vein, Chapter 2 provides a review of the 
economic, sociological, and epidemiological literature pertaining to development, environment, 
and health. Chapter 2 is divided into four sections which examine distinct but related strands of 
previous research. The first section concerns economic growth as it relates to environmental 
quality (the Environmental Kuznets Curve). The second section reviews studies concerning the 
relationship between health and pollution (the health production framework). The final two 
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sections of Chapter 2 review studies related to health and income, environmental justice, and 
environmental epidemiology.  
Chapter 3, or the methodology chapter, describes the data sources and presents the three 
models to be estimated in the simultaneous equation framework. Each model, consisting of 
infant mortality, pollution, and income equations, is estimated for a specific pollutant: chemical 
releases, air pollution, or drinking water violations. Furthermore, regional fixed effects are 
included in order to investigate spatial patterns. Chapter 3 is divided intro three sections, 
corresponding to the three primary equations of the simultaneous model: 1) infant mortality 
equation, 2) pollution equation, and 3) income equation. Each section discusses the model 
variables and the theoretical justification for their inclusion  
 Chapter 4 presents empirical results and discusses regression estimates, comparing three 
different models in addition to analyzing spatial patterns of infant mortality, pollution, and 
income. Chapter 4 is divided into four sections with the first three sections discussing the model 
results for chemical releases, air pollution, and drinking water violations, respectively. The final 
section of Chapter 4 summarizes the major results of all models and calculates income, health, 
and pollution elasticities. Chapter 5 provides a summary of the thesis and concludes by 
discussing limitations of the study, possible policy implications of the empirical results, and 
opportunities for future research. 
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CHAPTER II 
LITERATURE REVIEW 
 
 In this chapter several economic literature research themes will be connected to make the 
case for the model proposed in Chapter 3. The first theme concerns research related to the 
Environmental Kuznets Curve (EKC) and economic growth studies. The second theme pertains 
to studies that examine the effects of pollution on health. Finally, studies that examine the 
relationship between income, income inequality, and health at the individual and aggregate levels 
are reviewed, including findings from environmental epidemiology and environmental justice 
studies. Each theme and each major section of this chapter is related to an equation of the 
endogenous model, estimated in Chapter 4: the Environmental Kuznets Curve function or 
pollution equation, the health production function or the infant mortality equation, and the 
income equation. The purpose of the thesis is to learn about the interactions between infant 
mortality, pollution, and income at the county level. Development of a theoretically appropriate 
model based on work from the extant literature is necessary. 
 
The Environmental Kuznets Curve 
 Many studies that use data from multiple countries find that pollution rises 
(environmental quality deteriorates) as income rises, but eventually the amount of pollution 
declines as income continues to rise. The result is an inverted U-shaped relationship between 
income and pollution (Grossman and Krueger, 1995; Hilton and Levinson, 1998; Shafik, 1994). 
The implication of this relationship is that increases in pollution in developing countries is a 
temporary phenomenon characterized by the growth of production-intensive “dirty” industries, 
lacking advanced technology. However, as more income is generated and the overall wealth of 
the country rises, people will demand better environmental quality, assuming that environmental 
quality is a luxury good. Furthermore, a change in the industry mix from manufacturing to 
services and information technology will eventually lead to a cleaner environment. List and 
Kunce (2000) and Greenstone (2001) use the U.S. as an example of a country that has shifted 
into the latter stages of the downward sloping portion of the EKC.  
Harbaugh et al. (2002), in a study that expands on the original Grossman and Krueger 
study, find that the EKC relationship is sensitive to the sample of countries chosen for analysis. 
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Furthermore, data sensitivity is one of many data problems that include collinearity, choice of the 
correct functional form, and data clustering. Harbaugh et al.  recommend that future research be 
narrowed to countries with common characteristics instead of trying to derive a universal 
income-pollution relationship. Some studies that focus on the EKC relationship in the U.S. 
include List and Gallet (1999), who analyze state-level air emissions, Berrens et al. (1997), who 
use a county-level study of hazardous waste generation, and Rupasingha et al. (2003), who 
analyze Toxic Release Inventory (TRI) waste releases at the county level. 
The focus of the EKC is the relationship between income level and pollution; however, 
other studies find that income inequality is just as important as income level in determining 
environmental quality (Boyce, 1994; Torras and Boyce, 1998; Boyce et al., 1999). The problem 
is that the relationship between income inequality (measured by the Gini coefficient) and the 
level of pollution is ambiguous (may be positive or negative) and that theoretical explanations 
for the ambiguity are conflicting. Boyce (1994), in a multi-country study, finds that countries 
with greater income inequality have higher pollution levels than more egalitarian and democratic 
societies. Scruggs (1998) criticizes Boyce’s “equality” hypothesis and finds no empirical 
evidence linking income inequality and environmental pollution. Boyce et al. (1999) used a U.S. 
state-level empirical analysis to show that states with greater power inequality, as reflected in 
their income inequality, voter participation, tax fairness, Medicaid access, and educational 
attainment, have more lax environmental laws, greater pollution problems, and greater premature 
mortality. Thus, power inequality at the state level is shown to adversely affect environmental 
quality and public health.  
 This paper borrows extensively from two specific EKC studies. The first, a U.S. county-
level study by Rupasingha et al. (2003), focuses on the influences of ethnic diversity and income 
inequality on pollution levels. It is assumed that people in the more homogeneous (or less 
ethnically diverse) counties will largely share common environmental preferences and be more 
cooperative in organizing against pollution-intensive industries or voting for a better 
environment. Thus, ethnic diversity is seen as a divisive factor - a hypothesis to be tested 
empirically. Rupasingha et al. confirm that counties with greater ethnic diversity experience 
higher pollution levels, ceteris paribus. Income inequality, measured as the ratio of mean 
household income to median household income, is found to have an inverted U-shaped 
relationship with pollution. Thus, increasing income inequality is associated with higher 
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pollution levels, but at higher levels of income inequality, lower pollution levels are eventually 
observed. Urban areas and manufacturing-dependent counties tend to have greater pollution 
levels. Rupasingha et al. also report that correcting for spatial dependence is important when 
working with data that combines social, economic, and physical variables, aggregated across 
spatial units (e.g. a county, state, or country). 
 The second study, although cross-country in design, provides important insights about the 
relationships between income, pollution, and population health. Gangadharan and Valenzuela 
(2001), show that health is an important overriding variable in the relationship between pollution 
and income. Their study makes use of the health and environment literature, where it is 
hypothesized that health gains, achieved by economic growth, may be negated by worsening 
health, resulting from environmental degradation. Thus, economic growth has direct, positive 
and indirect, negative effects on population health. The direct effect is that higher incomes 
generally lead to improved health; but, because initial stages of economic development are 
usually associated with environmental degradation, economic growth also has a negative, 
indirect effect on health through a more polluted environment. Poor population health, in turn, 
leads to lower productivity and diminished incomes. As a consequence, a developing country, 
with pollution problems and poor health, may never reach the EKC income threshold, after 
which pollution is hypothesized to decline. Gangadharan and Valenzuela estimate their EKC 
function using a simultaneous system of two equations: the EKC function that relates health and 
income to pollution levels, and the aggregate health production function. Thus, environmental 
quality (or pollution) and population health are endogenous variables, while income is treated as 
exogenous.  
Gangadharan and Valenzuela find an inverse-S shape relationship between income and 
pollution: in both the low and high-income countries, income and pollution are directly 
proportional. For middle-income countries, there is little environmental degradation as income 
increases. However, model results are sensitive to the type of pollutant included (i.e., carbon 
dioxide, sulfur dioxide, or nitrogen oxides emissions). Population density and the degree of 
urbanization are also strong positive determinants of pollution. The results of Gangadharan and 
Valenzuela’s health equation suggest that pollution effects on health are stronger when 
endogeneity between these two variables is taken into account. Increases in total suspended 
particles (TSP) emissions and water pollutant emissions lead to increased infant mortality rates. 
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Income, immunization rates, access to doctors, and urbanization levels all positively affect 
population health (lower infant mortality). The authors treat income (GDP per capita) as an 
exogenous variable, but recommend estimating a system of three equations with income, 
pollution, and health as endogenous variables.  
Several county-level economic growth studies were reviewed to determine what variables 
to include in an income equation. In Goetz et al. (1996), those states with a better environment 
experienced more rapid income growth between 1982 and 1991, ceteris paribus. In addition, 
severity of environmental regulation does not seem to affect income growth. Rupasingha et al. 
(2002), found that counties with higher income inequality experienced less economic growth. In 
their income growth model they include measures of social capital, per capita local taxes, an 
ethnic diversity index, and rural and urban dummy variables. Goetz et al. (1998), in another U.S. 
state-level study, conclude that education, independent of income, has an effect on the level of 
environmental quality in a state. 
 
Health Production Function and Pollution 
In the seminal work on the economics of health status, Grossman (1972) developed a 
household production function to model the demand for health. The health production function, 
as it relates to environmental health effects, is usually formulated as follows (Freeman, 2003): 
2.1a 
 ),( bdss =
2.1b 
),( acdd =  
2.1c 
 ),,( bacss =
In Equation 2.1a, s is health status, measured in different ways. When using survey data, 
s is best measured as the number of days sick from work. If an aggregate health production 
function is estimated, then s is best measured as a mortality rate (Thornton, 2002). Health status 
(s) is a function of the level of pollution exposure or dose (d) and mitigating activities (b). A 
mitigating activity may consist of taking a medicine to relieve symptoms associated with 
exposure to a pollutant. Furthermore, in Equation 2.1b, the dose of pollution (d) is a function of 
the concentration of a pollutant (c) and averting activities (a). An example of averting behavior is 
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filtration of tap water for drinking purposes. By substituting Equation 2.1b into Equation 2.1a, 
the health production function is obtained (Equation 2.1c), which varies with respect to 
concentration of the pollutant and the extent of averting and mitigating behavior.  
 Mitigating (b) and averting behaviors (a; Equation 2.1c) are difficult to accurately 
measure. If a certain averting activity not only prevents pollution exposure, but also increases 
personal utility for other reasons, then it would be wrong to attribute all of the benefits of that 
activity toward valuation of pollution reduction. For example, the total cost of having an air 
conditioner in a car or home is not an accurate indicator of the cost of averting (or avoiding) air 
pollution exposure, because the air conditioner may also increase personal comfort (Freeman, 
2003). In addition, in the estimation of the health production function it is crucial to control for 
physical and socioeconomic characteristics of individuals. These include age, sex, use of 
tobacco, income, and education.  
A health production framework has often been used to estimate the willingness to pay for 
pollution reduction at the individual or household levels (Cropper, 1981; Dickie and Gerking, 
1991; Kumar and Rao, 2001). All of these authors find socioeconomic status an important 
determinant of the household’s mitigating and averting behavior as well as the willingness to pay 
for pollution reduction. Cropper (1981) finds that sulfur dioxide emissions are positively 
correlated with time spent away from work due to illness. Education, parents’ income, and 
marital status are all health-protective factors in that they reduce the number of work days lost to 
sickness. The effect of wage on sick leave is either non-significant or positive, implying that 
higher wages may lead to harmful consumption habits, which increase health risks (Cropper, 
1981). Neidell (2003) uses zip-code level data for Los Angeles County, California to analyze air 
pollution impact on childhood asthma. Specifically, Neidell (2003) finds that children from low 
socioeconomic status families, unable to afford to live in cleaner areas, are more likely to be 
exposed to air pollution.  
If the costs of mitigating and averting activities are not included in the health production 
function (this is always the case with aggregate data), then the estimated function becomes a 
dose-response function or a reduced form relationship between illness/mortality and pollution. 
As a consequence, the dose-response function (i.e. the cost-of-illness approach) only yields 
lower bound willingness to pay estimates for pollution reduction. Again, a dose-response model 
is the only option when dealing with aggregate data (e.g. geographic entities such as counties and 
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states) where the implicit costs of pollution are not easily measured. In summary, the utility 
theory-based foundations of studies that use household or individual survey data are stronger 
than those studies that use aggregate level data. Yet aggregate data is easier to obtain. For the 
aggregate studies, medical expenditures, industry structure (i.e. manufacturing), and rural/urban 
indicators are important control variables.  
Chay and Greenstone (2003) examine air pollution impact on infant mortality at the 
county level, controlling for economic shocks and the level of economic development. Previous 
studies that examine adult mortality and air pollution tend to share the following limitations: a 
lack of relevant control variables and unknown lifetime exposure of adults to air pollution. 
Moreover, it is difficult to determine if deaths attributed to air pollution occur among the already 
sick or the healthy members of the population.  
Using infant mortality as a measure of population health has many advantages, but the 
main advantage is that it avoids problems associated with “delayed causation” and lifetime 
exposure. To improve upon previous studies, Chay and Greenstone (2003) introduced a quasi-
experimental design. Specifically, they compare infant mortality in counties with large changes 
in total suspended particles (TSP) concentration to counties that had little or no changes in TSP 
during the recession of 1981-1982. This setup is thought to reduce omitted variable bias.  Chay 
and Greenstone found a statistically significant negative relationship between TSP reductions 
and infant mortality at the county level.  
Regardless of the form of the health and pollution data (micro-level or aggregate, spatial), 
previous studies show that pollution adversely affects health status. However, income acts as an 
important health protective factor that influences one’s willingness to pay for pollution 
reduction. 
 
Health and Income 
Health production studies that use macroeconomic or grouped data are preferred when 
estimating relationships between economic development (or income) and population health vis-
à-vis individual or household data. Thornton (2002) estimates a state-level health production 
function that focuses on the endogeneity between health and medical expenditures. Using age-
adjusted death rates for each state as a health status variable, Thornton (2002) finds that states 
with higher incomes, education, and percent of married households have lower age-adjusted 
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death rates. Cigarette consumption and crime rates are negatively associated with mortality. 
Manufacturing employment and the level of urbanization are not significant in Thornton’s 
model.  
Another state-level study examines the impact of recessions on population health. Ruhm 
(2000) finds that population health improves (i.e., death rates are lower) when the economy is in 
recession. Ruhm attributes health improvements to a decline in high-risk activities, such as 
drinking, smoking, and driving. Pritchett and Summers (1996), in a cross-country, time-series 
study find that a higher income favorably affects population health based on infant mortality 
rates, child mortality, and life expectancy measures. Pritchett and Summers use instrumental 
variables (IV) estimation to isolate the effect of income on health. The IV technique purges the 
estimates of reverse causation; a feedback effect of health on productivity and income. They 
conclude that the income-mortality relationship is not a simple statistical artifact of reverse 
causation or incidental association. The implication of the IV method is that income-determining 
variables, which are also exogenous with respect to health, have to be used to arrive at the 
predicted value of income in order to isolate a direct effect of income on health. 
Just as the EKC literature is concerned with income inequality effects on pollution 
exposure, epidemiological studies done at the aggregate (state or county) level are concerned 
with the effects of income inequality on mortality (Lynch et al., 2000; Wolfson et al., 1999; 
Kaplan et al., 1996; Brodish et al., 2000). Kaplan et al. (1996) conducted a state level correlation 
analysis using the proportion of total household income received by the less well-off 50% of 
population as a measure of income inequality. In contrast, Kennedy et al., (1998) utilizes Gini 
coefficient as a measure of state-level income inequality. Gini coefficient is the Gini’s Mean 
Difference divided by twice the mean income (Yitzhaki, 1998). Gini coefficients range from 0, 
indicating perfect equality in the income distribution, to 1, for the case of perfect inequality. Gini 
coefficients in excess of 0.45-0.50 indicate an unequal, in terms of income, society. 
Using a logistic regression model that controlled for household income, Kennedy et al. 
(1998), find that people living in the least egalitarian states were more likely to report poor 
health than people in the states with less income inequality. Although most of the studies in the 
epidemiological literature do not use multiple regression methods, they do find a consistent and 
strong correlation between income inequality and poor health or high mortality. Gravelle (1998) 
critiques several studies that use county or state-level population data and concludes that the 
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relationship between income inequality and health is a statistical artifact. Deaton and Paxson 
(1999), in a U.S. study, found that higher income inequality was associated with lower mortality 
between the late 1970s and early 1980s. However, their results are sensitive to the inclusion of 
other variables, especially income and education.  
To this point this chapter has considered studies that link income and pollution in an EKC 
framework, health and pollution in the health production framework, and aggregate health and 
income data. The reviewed literature demonstrates that it is theoretically justified to model 
population health, income, and pollution as endogenous variables. Issues related to ethnic 
diversity and income inequality are also addressed in these studies, especially in the EKC 
literature. The next section justifies inclusion of variables related to environmental justice into 
the theoretical construct. However, doing so requires that one draw from non-economic 
literature. 
 
Environmental Epidemiology and Environmental Justice 
Sociologists, political scientists, epidemiologists, and economists tend to view issues 
related to environmental justice and environmental health differently. Nevertheless, these 
disparate views are integral to any discussion concerning economic development. Brown (1995) 
in a review of the environmental justice literature found that racial and ethnic minorities, 
independent of their class or income, have a greater probability of adverse environmental 
exposure. Interestingly, studies done at various geographic levels, analyzing different 
environmental media (toxic waste sites citing, chemical releases, air pollution, pesticides, etc.) 
come to the same set of conclusions. First, upper income people face greater pollution exposure 
than lower income. This surprising finding is explained by noting that wealthy people tend to 
live in urban areas with higher levels of pollution. Yet the second conclusion is that minorities 
face higher levels of pollution exposure at all levels of income (Mohai and Bryant, 1992). 
Difficulties encountered when modeling environmental health include lack of knowledge about 
specific chemical toxicity and risk, difficulty in determining the path and extent of exposure, 
long latency periods, and the presence of many confounding factors. Access to medical care and 
quality of care given to minorities and poor people are examples of confounding factors (Brown, 
1995). 
15 
Epidemiologists, people who study disease patterns in human populations, are also 
concerned with pollution, health, and socioeconomic status. What follows is a brief discussion of 
interdisciplinary studies. Epidemiology has long used measures of population health, like adult 
and infant mortalities, to examine geographical patterns and clusters of disease. Often 
epidemiologists use GIS techniques to associate disease clusters, such as cancer, with higher 
pollution levels. Specifically, geocoding is used to match individual health histories and cause-
specific mortality with neighborhood characteristics from the U.S. Census data. Next, the 
geocoded data is linked with the U.S. Environmental Protection Agency (EPA) pollution data to 
examine environmental health issues. Although the methodology is still in development, this 
technique with higher quality data available to epidemiologists may be better suited for 
examining environmental justice issues. 
 Epidemiologists examining the relationship between socioeconomic status (SES) and 
health have found these variables to be correlated at both the individual and aggregate Census 
tract levels. Adler et al. (1993), provides an overview of this literature. One possible mechanism 
by which low SES adversely affects health is via increased risk factors, such as smoking, obesity, 
and underutilization of preventive medical services. Another way that SES may affect health is 
through the adverse environmental conditions (i.e., crime, environmental pollution, occupation 
risks) that are more likely to be faced by low SES groups. Furthermore, psychological factors 
associated with income or power inequality were shown to contribute to degradation in health 
status. A confounding factor is that SES disparities in health differ by age and race. And for race, 
there is conflicting evidence on whether the health disparities between minorities and whites still 
persist once SES is taken into account. A meta-analysis of eight epidemiological surveys 
concerning psychological distress demonstrated that racial differences are greater among 
individuals with a low SES (Kessler and Neighbors, 1986). 
 Finally, it is noted that epidemiologists would be critical of the analysis proposed in this 
study. Specifically, epidemiologists do not favor aggregate level studies because of the presence 
of ecological bias. Ecological bias occurs when estimates from aggregate data do not reflect the 
biologic effects present at the individual level (i.e. the health effects of pollution; Morgenstern, 
1995). Ecologic bias can result from: 1) within-group bias (caused by variable confounding, 
selection methods, or misclassification), 2) confounding by group (if the background rate of 
disease in the unexposed population varies across groups), and 3) effect modification by group 
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(if the rate difference for the exposure effect varies across groups; Morgenstern, 1995).  Because 
additional data is lacking, these design problems are not easily corrected. Despite methodological 
problems, aggregate studies are still attractive because of their low cost, convenience, and 
avoidance of measurement problems commonly associated with individual-level studies. 
Moreover, topics like income inequality, urban/rural disparities in population health, and the 
geographic dispersion of health disparities can only be addressed at the aggregate level. 
 In summary, the economics and epidemiology literature have used both individual and 
aggregate data to analyze the interactions between health and income, pollution and health, and 
pollution and income. The results of studies conducted at various levels of aggregation tend to be 
consistent with individual-level studies, despite methodological problems discussed above. This 
thesis will build upon a cross-country model proposed by Gangadharan and Valenzuela (2001). 
The model presented in Chapter 3 expands Gangadharan and Valenzuela’s model to include 
income - a theoretically important determinant of both health and pollution. This thesis also 
differs from the aforementioned study in that the proposed model uses cross-sectional, U.S. 
county data. 
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CHAPTER III 
DATA AND METHODOLOGY 
 
As shown in Chapter 2, Literature Review, complex relationships exist between variables 
related to socioeconomic status, health, and pollution. Both socioeconomic status (SES), as 
reflected by income and education, and environmental quality affect population health. Health 
also has a feedback effect on income because healthier people are able to earn more and be more 
productive. Finally, the relationship between pollution and income has been studied for many 
years (see the Environmental Kuznets Curve; EKC). This thesis builds upon a cross-country 
EKC study by Gangadharan and Valenzuela (2001) who modeled health and pollution as 
endogenous variables in two equations. Parameter estimates were determined using two stage 
least squares.  
The model presented in this chapter extends the work by Gangadharan and Valenzuela in 
two ways. First, income is added to the system of equations. As seen in Chapter 2, income is 
endogenous to both pollution and health. Thus, an equation representing income is added to the 
system and parameter estimates for income, pollution, and health are determined using two-stage 
least squares (2SLS). Note, however, that the system is not fully endogenous. Pollution is 
influenced by income, but not by the health variable.  
Second, the model is applied to all U.S. counties. Although spatial heterogeneity is an 
issue, a U.S. county-based study avoids problems associated with data quality and comparability. 
Counties are also similar in legal and economic structures. However, counties are heterogeneous 
in terms of environmental quality and income level. For example, the counties of the U.S. South, 
including Appalachia, are historically classified as persistent poverty counties. 
The model is also similar to that proposed by Rupasingha et al. (2003), in that 
explanatory variables reflecting income inequality, ethnic diversity, and urban and rural areas are 
included. However, the model used in this thesis differs from Rupasingha et al. concerning the 
method used to correct for spatial heterogeneity. Because each observation represents one U.S. 
county, spatial heterogeneity or spatial autocorrelation is an issue. Rupasingha et al. correct the 
problem using a spatial weights matrix. For the proposed thesis model, spatial heterogeneity is 
corrected in steps. First, individual dummy variables are included for each region. Regional 
identification and construction of dummy variables are discussed later in this chapter. Next, the 
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data are corrected for across-regions spatial heterogeneity using a standard two-step correction 
procedure. Specific details are provided later in this chapter. 
Theoretical foundations of the model developed in this thesis lie in the health production 
and economic growth literatures. Aggregate health production function is formulated based on 
epidemiological findings regarding the importance of income or SES and various environmental 
risk factors in determining the county level infant mortality rates. The Environmental Kuznets 
Curve literature has been reviewed in Chapter 2 in order to make the case for explanatory 
variables relevant to a particular pollution equation (i.e., chemical releases, air pollution, and 
drinking water violations). Finally, economic growth studies provide insights as to which factors 
help determine county income levels. 
This chapter is divided into 4 sections. The first 3 sections describe, in turn, the 3 
equations representing infant mortality, pollution, and income. Each section describes the 
variables included in each equation and their sources. The final section discusses procedures 
used to estimate the model. A summary of each variable, its definition, and units, are provided in 
Table 3.1. Table 3.2 reports descriptive statistics (number of observations, standard deviation, 
minima, and maxima) for all the variables. 
 
Infant Mortality Equation 
Studies by Thornton (2002), Filmer and Pritchett (1999), and Lichtenberg (2002) 
estimate aggregate health production functions using age-adjusted mortality rates, child (infant) 
mortality, and life expectancy measures, respectively, as dependent variables. Inputs to various 
health production functions of previous studies may be grouped into the following major 
determinants of population health: income, medical care expenditures and access, population risk 
factors (smoking, drinking, etc.), socioeconomic variables (education, income inequality, ethnic 
diversity), and environmental variables (urbanization, climate, environmental pollution, crime). 
Depending on the primary objective of the study certain variables (i.e. medical expenditures) are 
given a greater priority than others; thus, some of the socioeconomic and environmental factors 
may not be included in the empirical health production function, depending on research 
objectives and data availability. 
In the thesis, population health status (H) is measured by the infant mortality rate (IMR), 
which is expressed as the number of infant deaths per 1000 live births in 1997, reported in the 
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City and County Data Books (University of Virginia Geospatial and Statistical Data Center, 
2000). Based on Chay and Greenstone (2003), this particular mortality variable is more 
responsive to environmental influences, such as air pollution, and avoids the methodological and 
measurement issues (lifetime exposure, “delayed causation”, migration) associated with the use 
of the adult mortality rate. Furthermore, despite overall improvements in the IMR in the United 
States over the last decade, there still exist wide regional, socioeconomic, and racial disparities in 
the IMR (Ricketts III, 1999).  
The infant mortality equation estimated in this thesis is built according to the health 
production literature, with the exception that endogenous values for per capita income and 
pollution are used. Numerous economic and epidemiological studies find a strong effect of 
income on health status and mortality both at the individual and aggregate levels (Pritchett and 
Summers, 1996; Smith, 1999; Ettner, 1996). Higher income counties are hypothesized to have 
lower infant mortality rates. County per capita income from the U.S. Census 2000 is used as an 
income measure.  
  Air pollution effects on the infant mortality rate at the county level have been previously 
studied by Chay and Greenstone (2003). Three different pollution types are analyzed here: air 
pollution, chemical releases, and the number of drinking water violations. Air pollution is 
measured in pounds of emissions per square mile in 1997. An index of air pollution is used in the 
actual regression analysis in order to arrive at a standard measure with a reasonable scale of 
values. The index was calculated by dividing each observation by the mean air pollution for the 
whole sample; thus, the index expresses each county’s air emissions as the percent of the 
national or sample mean. An index value greater than one would indicate that a county has air 
emissions higher than the national average. The EPA National Emissions Inventory contains 
annual data on emissions of three criteria pollutants (carbon monoxide, CO; sulfur dioxide, SO2; 
and particulate matter of 10 Microns in diameter or smaller, PM10) and three precursors of 
criteria air pollutants (volatile organic compounds, VOC; nitrogen oxides, NOx; and ammonia, 
NH3). Air pollution is the most often studied variable in the EKC literature and in 
epidemiological studies that analyze environmental health effects. Healthy People 2010, a set of 
national public health goals, formulated by the Centers for Disease Control, lists outdoor air 
quality, water quality (such as safe drinking water), and toxics and wastes as the top three 
environmental health concerns.  
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Therefore, besides air pollution, the number of drinking water violations per 100,000 
people is used to denote the environmental health risk that comes from the unsafe drinking water. 
The violations for different types of contaminants are reported in the Safe Drinking Water 
Information System (SDWIS) from 1993 to 2003. The U.S. EPA Summary EnviroFacts Pivot 
Tables aggregate the information by state and county. The most common contaminant type in the 
data is the coliform and turbidity rule, while other contaminants, such as trihalomethanes, 
synthetic organic chemicals, nitrates, lead and copper, other inorganic chemicals, and 
radionuclides are much less common or are underreported. Thus, all types of violations are 
aggregated to increase the number of counties with available data.  
The chemical releases variable is expressed as pounds of 1995 Core Chemicals releases 
per square mile in 1997. This variable is indexed in a way similar to air pollution: each 
observation is divided by the sample mean. These releases are a total of on-site and off-site 
releases (releases to land, air, and water) reported by facilities in the U.S. EPA Toxics Release 
Inventory (TRI) and aggregated to the county level. The core chemical lists are developed by the 
EPA to reflect the changes in the regulated chemicals over the years and to allow for time-series 
trend analyses. TRI chemicals measure has been used in the county analysis by Rupasingha et al. 
(2003) to analyze the EKC relationship between income and pollution. In this study, a different 
model of simultaneous equations of infant mortality, pollution, and income is estimated for each 
of the three pollutants (air emissions, chemical releases, and drinking water violations). It is 
possible that effects on infant mortality would vary depending on the pollution variable used in 
the analysis.  
Besides the two variables of interest, income and pollution, various health-related 
variables have to be controlled. Population risk factors (PR) include proportion of low birth 
weight babies (number of live born infants with a birth weight of less than 2,500 grams per 1000 
live births, 1995 – 1999), mothers who are unmarried (number of unmarried women who had a 
live birth per 100 women who had a live birth, 1995 – 1999), and percent teenage mothers 
(percent of all births to mothers less than 18 years of age, 1988-1997). The first two variables 
come from the Reproductive Health Atlas, maintained by the Centers for Disease Control and 
Prevention. The percent teenage mothers variable is taken from the Community Health Status 
Indicators Project CD-ROM, created by the U.S. DHHS, Health Resources and Services 
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Administration. All of these population risk factors are thought to contribute to a higher infant 
mortality rate.  
 The control variable for the composition of county population, relevant for this particular 
health production function, is the percent of women of reproductive age between 18 and 44 years 
old. The sign of this variable is ambiguous. If more women in their childbearing years live in a 
county, then the infant mortality rate may be lower than in the counties where there were more 
women outside this age group who were giving birth (i.e., teenage and older mothers have higher 
risk of infant death). On the other hand, a greater proportion of women of reproductive age may 
be associated with greater infant mortality rate due to the higher number of total births and a 
greater likelihood of an infant death. 
Environmental risk factors (ER), which are independent of the endogenous pollution 
measure (i.e., air or chemical releases), include median non-cancer risk, the number of infectious 
diseases (E. Coli, Salmonella, and Shigella cases) per 100,000 people, crime rate, and a variable 
that indicates a trend in pollution over time (air pollution or TRI chemicals). The non-cancer risk 
is a non-cancer hazard index (HI) developed by the EPA and based on the emissions of 
hazardous air pollutants. Aggregate exposures below a hazard index of 1.0 are not likely to result 
in adverse non-cancer health effects over a lifetime of exposure. A respiratory HI greater than 
1.0 can best be described as indicating that a potential may exist for adverse irritation to the 
respiratory system. The data comes from the U.S. EPA 1996 National Air Toxics Assessment 
(NATA) Exposure and Risk Data. This particular variable represents actual health risks from 
environmental exposure to hazardous air pollutants and is different from the endogenous air 
emissions variable. Thus, the control for this general environmental risk to health is similar to the 
control for other factors, such as infectious diseases and crime. Thornton (2002) uses crime rate 
as a control variable in estimating the state-level health production function. The pollution trend 
variable is calculated by differencing pollution indices between 1988 and 1997. The air pollution 
index and TRI chemicals index are described in greater detail in the Pollution Equation section 
of this chapter. Counties in which pollution increased over time may have higher infant 
mortality. All of the aforementioned environmental risk factors are hypothesized to be positively 
associated with infant mortality rate.  
 Variables that reflect medical care access (MC) include government medical payments 
per capita, obtained from the transfer payments listing of the Bureau of Economic Analysis, and 
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the dummy variable that is equal to one if the county is designated as the Health Professionals 
Shortage Area (HPSA), and zero, otherwise. The Health and Human Services Administration 
classifies counties on the basis of health professionals’ availability for public health purposes. 
The sign of the medical payments per capita variable is ambiguous. Higher medical payments 
may lead to lower infant mortality, as more resources are available for health care needs. At the 
same time, high medical payments from the government may indicate that the area has a very 
high infant mortality rate, and thus, the association between the IMR dependent variable and 
medical payments may actually be positive. Similarly, federal aid and medical resources may be 
flowing into a county, classified as HPSA, and, thus, the infant mortality rate may actually be 
lower in HPSA counties. Furthermore, HPSA classification is problematic because it does not 
capture the possibility of certain segments of the population in non-HPSA counties lacking 
access to medical care or health professionals and thereby contributing to an elevated IMR. 
Chay and Greenstone (2003) use a much more extensive list of health-related control 
variables, aggregated to the county level from micro-data or individual record data. However, 
this thesis is built on the official published data that is available through various government 
agencies, and, thus, some of the variables these authors used are not available. Chay and 
Greenstone included medical system utilization (% of mothers who had no prenatal care), 
maternal health endowment (% Teenage mother, % Mothers over 34 years old, % First birth, % 
Prior fetal death), and infant health endowment (% Low Birth weight) variables. Furthermore, 
for the socioeconomic and demographic variables they include % mothers who are high school 
dropouts, years of education for mother and father, % single mothers, % Black, and % foreign-
born. Chay and Greenstone also obtain their medical payments and transfer payments data from 
the Bureau of Economic Analysis. The education variable is not used in this thesis’ infant 
mortality model because of the high correlation between this variable and income. Since 
education is used to derive the predicted value of income, it is not likely that the omitted variable 
bias would arise from the exclusion of this particular variable. Otherwise, the health production 
function in this study includes at least one variable in all major categories of Chay and 
Greenstone’s study.  
 For the health production function as well as for subsequent income and pollution 
equations, a common set of variables of interest (C) are included: population growth, population 
density, total county area, income inequality, measured by the Gini coefficient, ethnic diversity 
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index, and rural-urban indicators. Growth in population is used to control for demographic 
changes. Counties that experience greater population growth are hypothesized to have lower 
infant mortality. The effects of population growth on pollution and income are ambiguous. 
Pollution and incomes may rise due to the increase in economic activity usually associated with 
growing population. On the other hand, increasing population numbers may lead to more 
cautious environmental practices in order to reduce pollution exposure risk. Population growth 
could induce reductions in per capita incomes. Population density and county area (in square 
miles) control for differences in the counties’ inherent social and physical characteristics. Greater 
population density associated with urban centers may be associated with lower infant mortality, 
higher incomes, and higher pollution levels. However, depending on the sample of counties (i.e. 
the predominant presence of rural or urban counties), results may differ from expectations. 
Income inequality is often analyzed by epidemiologists and health economists as an 
important determinant of population health differences, with the leading hypothesis that 
disparities in income lead to poor health and high mortality (Kaplan, 1996; Deaton, 1999). EKC 
studies often include income inequality in the set of explanatory variables for pollution level. 
Rupasingha et al. (2003), use the ratio of mean household income to median household income 
as a measure of income inequality, finding that the U.S. counties with higher income inequality 
have lower pollution levels. The cross-country EKC literature is ambivalent about the effect of 
income inequality on pollution (Boyce, 1994; Scruggs, 1998). Gini coefficient is calculated from 
the Census income distributions available for each county. The coefficient ranges from 0 to 1 
with higher values denoting a more unequal income distribution in a county. 
 Ethnic diversity index is calculated, following Rupasingha et al. (2003), 
as , where X is the percent of the population falling in a specific racial or ethnic 
group and n is the number of racial/ethnic groups. In this case, the data from Census 2000 
contained 7 categories: White, Black, Native American, Asian, Pacific, Other, and Mixed Race. 
Thus, the higher ethnic diversity index would indicate a greater presence of minorities. This 
measure allows testing of whether ethnic diversity of a county plays any role in the explanation 
of variation in infant mortality, pollution, and income. Filmer and Pritchett (1999) use a similar 
ethnic diversity index in a cross-country study to test whether child and infant mortality rates are 
affected by ethnic divisions. Furthermore, health studies find that infant mortality rates are 
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disproportionately higher among blacks and Hispanics (Collins and Thomasson, 2002). 
Environmental and economic justice issues are examined by including this index in pollution and 
income equations. 
 Finally, the rural-urban indicators are formed from the 2003 Rural-Urban Continuum 
Codes, or Beale codes, developed by the USDA Economic Research Service. Definitions of 
Rupasingha et al. (2003) are used here again. The rural dummy variable is equal to 1 if the 
county has a Beale code of 5, 7, or 9, or non-metro counties that are not adjacent to metro 
counties; dummy variable is equal to zero, otherwise. Urban dummy variable is equal to 1 if the 
county has Beale code of 0, 1, 2, or 3, indicating metropolitan counties, and 0, otherwise. The 
excluded group consists of non-metro counties that are adjacent to metropolitan counties (Beale 
codes 4, 6, and 8). Rural and urban disparities in income are widely documented (Miller and 
Weber, 2003). The level of urbanization is often included in pollution models of the EKC 
studies, which characterize urban areas as the more polluted areas. Finally, rural areas are 
reported to have higher rates of infant mortality (Ricketts III, 1999). No studies were found that 
examined the rural-urban differences in infant mortality, income, and pollution simultaneously in 
a regression framework. 
 
Pollution Equation 
 Most of the studies concerning the Environmental Kuznets Curve hypothesis (EKC) are 
empirical in nature, testing for the presence of the inverse U-shaped relationship between income 
and pollution (Grossman and Krueger, 1995; de Bruyn et al., 1998; Berrens et al., 1997; 
Rupasingha et al., 2003). Some theoretical studies in this field attempt to provide explanations 
for the EKC phenomenon. Andreoni and Levinson (2001) propose a model of increasing returns 
to scale for pollution abatement technology. As countries or regions accumulate wealth and 
develop technologically, it becomes increasingly cheaper to use less pollution-intensive 
technologies in addition to pollution abatement. Other explanations for EKC come from viewing 
environmental quality as a luxury good, demand for which increases with the level of 
development and wealth (Dasgupta et al., 2002). In view of theoretical work on the EKC, it is 
not surprising that empirical studies are mostly testing hypotheses and experimenting with 
different variables because of a lack of consensus on a unifying theory which would guide 
empirical studies. Empirical studies tend to include a common set of control variables, such as 
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industry composition, land use, population density, environmental regulations, urbanization, 
education, ethnic characteristics of the population, and income inequality. 
Per capita income (PCI) and per capita income squared (PCI2) are used to test for the 
presence of the EKC relationship. Both variables are based on predicted values for per capita 
income and its squared term. The hypothesized coefficient on income is positive and negative for 
the income squared, which is the finding of the EKC studies done in the U.S. (Rupasingha et al., 
2003; Carson et al., 1997; List and Gallet, 1999). As mentioned earlier, a separate pollution 
equation with different explanatory variables is estimated for each of the three pollution 
measures: air pollution index, TRI chemical releases index, and the number of drinking water 
violations. Thus, three different models of 3-equation simultaneous systems are estimated, 
depending on the type of pollutant in question. Variables common for each pollution equation 
are income per square mile, share of manufacturing employment, and control variables (county 
area, population growth, population density, income inequality, ethnic diversity, and Rural and 
Urban dummy variables).  
Income per square mile is used as the measure of spatial intensity of economic activity 
(Kaufmann et al., 1998). The greater income per area is thought to contribute to higher pollution 
levels, as the production scale intensifies in a given area. Higher manufacturing employment 
would most likely lead to greater pollution, especially relevant for air pollution and chemical 
releases models. In order to determine whether there is a non-linear relationship between income 
inequality and pollution, a squared term of the Gini coefficient is included as well (Rupasingha et 
al., 2003). The hypothesis is that the more unequal the distribution of income is in a county, the 
greater would be the pollution level observed, with a possibility of a non-linear relationship 
(Boyce et al., 1999). 
 For the air pollution model, the only unique variable is the percentage of people who use 
public transportation, biking or walking (less polluting choices) as their means of travel to work. 
Thus, the higher the share of workers using non-automotive means of travel to work, the less air 
pollution a given county would have, ceteris paribus. However, because urban areas tend to have 
both high pollution and a greater share of people using a bus or a bicycle, a positive association 
between the two variables is possible. For the chemical release model, % Construction industry 
employment, % Transportation, Warehousing, and Utilities (TWU) sectors employment 
(pooled), and growth rate in non-farm establishments characterize the county industrial 
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composition. These three sectors (TWU) usually produce more chemicals relative to other 
industries such as retail and services. The business growth rate could lead to greater chemical 
releases, although the type of businesses that contribute to growth is not known. Thus, it is 
possible that growth in services and information technology firms would bring about a decline in 
chemical releases. 
Finally, for drinking water violations, which seem to be more prevalent in rural and 
metro-adjacent counties, such variables are examined as the % of resource-related industries 
(agriculture, mining) employment, % of farms with at least 500 acres, water consumption per 
capita, % of drinking water derived from groundwater source, agricultural run-off potential 
index, and TRI chemical releases to water index. A greater presence of resource-related 
industries and the presence of large farms may lead to an increase in the number of violations, 
since agriculture is notorious for pesticide leaching impacts on water. The agricultural run-off 
potential index, obtained from the USDA, Natural Resources and Conservation Service, captures 
the effects of agriculture more precisely. Higher index values denote greater pesticide and 
sediment runoff potential from agricultural land, which may lead to a greater number of drinking 
water violations. Water consumption per capita has an ambiguous sign, because it represents 
both the population density effects, associated with environmental problems, and demand effects. 
Greater demand for water would prompt a better accountability and quality control over drinking 
water sources. Drinking water derived from groundwater may carry a greater or lesser risk of 
contamination, depending on other physical characteristics of the county, such as topography and 
the presence of wells. Chemical releases to water (pounds of chemicals per square mile in 1997) 
come from the U.S. EPA Toxics Release Inventory (TRI). Greater emissions or releases to water 
could contribute to deterioration in the ambient measure, such as drinking water quality 
violations. This particular variable does not capture the toxicity of chemical releases, reflecting 
only the volume of chemicals. 
 
Income Equation 
 In the final equation of the system, per capita income is the dependent variable. It is 
assumed here that health (predicted value of IMR) may have a feedback effect on income. 
Studies with individual data have shown that household or individual health status does influence 
productivity and the wage-earning potential (Kumar and Rao, 2001; Strauss and Thomas, 1998). 
27 
Moreover, Pritchett and Summers (1996) use an instrumental variable approach when estimating 
an aggregate health production function in order to purge their estimates of reverse causation that 
runs from mortality to income. However, with infant mortality as the population health status 
variable, and in light of the fact that the analysis is done with grouped data, it is possible that the 
dual relationship between IMR and income may not exist or that it may only reflect a correlation 
rather than causation. In addition, the predicted pollution variable is also included on the grounds 
that it may influence the county’s economic growth potential and, therefore, income level as 
well. Pagoulatos et al. (2004) model county-level employment growth, earnings growth, and 
pollution growth in a simultaneous system of equations, where pollution growth is an influential 
factor in both earnings and employment growth equations. Similarly, the model presented here 
includes trend variables for infant mortality and pollution, which are calculated by differencing 
1997 and 1988 values. 
 Other income-determining variables were included on the basis of economic growth 
literature. Rupasingha et al. (2002), Goetz et al. (1998), and Goetz et al. (1996) study county-
level economic growth, devoting attention to specific aspects of growth, such as social capital, 
education, and environmental conditions. Percent local government finances, general revenue, 
and taxes in 1996-1997 denotes the presence of government in a county. Generally, higher 
governmental presence or higher taxes lead to slower income growth, but there could be cases 
where governmental presence provides the necessary resources for impoverished counties to 
grow. Thus, the sign of this variable is ambiguous. The unemployment rate generally has a 
negative impact on income level and income growth. A 10-year lag of educational attainment (% 
of people with a Bachelor’s degree or higher in 1990) is included to alleviate the problem of 
endogeneity between income and education (Goetz and Hu, 1996). Homeownership rate reflects 
the wealth of the county population and is hypothesized to positively relate to income. 
The Ogive index of industrial diversity is used to reflect the economic conditions in a 
county. The index is calculated as follows: )1()1( 2
1
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=
, where N is the 
number of sectors in the economy, Xi is the sector’s share of economic activity for the ith sector 
(Siegel et al., 1995). This index is a “goodness-of-fit” measure that is sensitive to the chosen N. 
It assumes that the more evenly economic activity is distributed among various sectors, the 
greater the “diversity” of the local economy. When Ogive is 0, then there is perfect diversity in 
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the economy, or the share of employment in each sector is evenly distributed among the different 
sectors. The higher the Ogive is, the more unequal the distribution of economic activity within a 
local area is (i.e. one or two sectors dominate). It is hypothesized that industry diversity is an 
indicator of a vibrant and dynamic economy with better prospects of higher incomes. Finally, 
related to the Ogive index variable, the % of employment in the services industry is regressed as 
well. The services industry ranges from professional and managerial occupations to hotel and 
restaurant work. Thus, the effect of this variable on per capita income is ambiguous. The % 
employed in the agriculture and resource sectors variable is likely to have a negative impact on 
per capita income. Finally, for the income model, squared terms for the ethnic diversity index 
and for on-linear relationships. 
The whole system of equations can be formulated as follows: 
Equation 3.1 
 the Gini coefficient are included in order to capture possible n
iiiiiiiioi FECMCERPRPCIPIMR εαααααααα +⋅+⋅+⋅+⋅+⋅+⋅+⋅+= 7654321
Equation 3.2a 
Equation 3.2b 
Equation 3.2c 
Equation 3.3 
 
iiiiiii FECTRIXPCIPCITRI τββββββ +⋅+⋅+⋅+⋅+⋅+= 5432210 _  
iiiiiii FECAirXPCIPCIAIR νββββββ +⋅+⋅+⋅+⋅+⋅+= 5432210 _  
iiiiiii FECWXPCIPCIWATER ψββββββ +⋅+⋅+⋅+⋅+⋅+= 5432210 _  
iiiiiii FECGPIMRPCI ωγγγγγγ +⋅+⋅+⋅+⋅+⋅+  
 The first TRI chemical release model is estimated using Equation 3.1, Equation 3.2a, and 
Equation 3.3. The air emissions model is estimated using the same equations, except for 
Equation 3.2b. Finally, the water model utilizes Equation 3.2c as the pollution equation. Thus, 
= 543210
three different models of three-equation simultaneous systems are modeled in the thesis. 
Equation 3.1 represents the health production function, where population health status is 
measured by the infant mortality rate (IMR). Endogenous pollution variables (P) include either 
the air pollution index (AIR) or the TRI chemicals release index (TRI), or the number of 
drinking water violations per 100,000 people (WATER). Endogenous per capita income is given 
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by PCI
 and % teenage mothers (TEEN). An 
importa
y taking the 
differen
bles contain a dummy variable that is equal to 1 if the county is 
designa
H), population density (POPDENS), 
. The health production function includes population risk factors (PR), environmental risk 
factors (ER), and the variables that reflect access to medical care (MC).  
Among the population risk factors such variables are included as % low birth weight 
babies (LBW), % unmarried mothers (UNMARRIED),
nt population control variable is the share of total county population who are women of 
reproductive age or between 18 and 44 years old (AGE). 
Environmental risk factors include the median non-cancer risk score from hazardous air 
pollution (RISK), the number of infectious diseases per 100,000 people (INFECT), and the crime 
rate (CRIME). A trend variable is included that indicates whether the air emissions 
(AIR_TREND) or TRI chemical releases (TRI_TREND), depending on the specific pollution 
model, followed an upward trend from 1988 to 1997. This variable is formed b
ce between 1997 and 1988 values. An interaction term, formed by multiplying the per 
capita income (PCI) and the air pollution index (AIR) is also included (PCI_AIR).  
Medical care access varia
ted as a Health Professionals Shortage Area (HPSA) and 0, otherwise. Medical payments 
per capita are denoted as MED. 
A common set of control variables (C) is used in each equation. The control variables 
include population growth rate, 1990-2000 (POPGROWT
total county area (AREA), ethnic diversity index (RACE), income inequality measure (GINI), 
and rural and urban dummy variables (RURAL, URBAN). 
 Equations 3.2a, 3.2b, and 3.2c represent Environmental Kuznets Curves (EKC) or 
functions, where the endogenous value of per capita income (PCI) is used along with the income 
squared term (PCI2). For each pollution equation (TRI, AIR, or WATER) different explanatory 
variables are used, denoted by vectors X_TRI, X_AIR, and X_W, respectively. Such variables as 
income per square mile (a measure of economic intensity, INCAREA), % employed in 
manufacturing industry (MANUF), and a squared term for Gini coefficient (GINI2) are used in 
all pollution models. For TRI chemicals release model, X_TRI variables consist of the % 
employed in the construction industry (CONSTR), the % employed in the Transportation, 
Warehousing, or Utilities industries (TWU), and the firm growth rate (non-farm establishments) 
between 1990 and 1998 (FIRMGR). For the air pollution model, the only unique variable is the 
% of workers using public transportation, carpooling, walking, or bicycling as the means of 
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travel to work (TRAVEL). For the drinking water violations model, X_W vector includes such 
variables as % employed in the agriculture and resource-related industries (AG), % of farms with 
at least 500 acres (FARM), daily water consumption in 10,000 gallons (WCONS), % of 
 % employed in the services sector (SERV), % 
employ
or both pollution and health, using regions 
groupe
groundwater used for drinking purposes (GROUNDW), agricultural runoff potential index 
(PEST), and TRI chemicals releases to water index (W_TRI). 
 Finally, Equation 3.3 represents an income model, where IMR and P are endogenous 
infant mortality rate and pollution. A vector of income-determining variables (G) includes the 
following variables: % local government taxes and revenues (TAX), unemployment rate 
(UNEMPL), educational attainment of Bachelor’s degree or higher (EDUC), homeownership 
rate (OWN), industrial diversity index (OGIVE),
ed in the agriculture and resource-related industries (AG), ethnic diversity index squared 
(RACE2), and Gini coefficient squared (GINI2). 
Eight economic regions were used for the control of regional fixed effects (FE), 
following the definition of the BEA: New England (NE), Mideast (ME), Great Lakes (GL), 
Plains (PL), Southeast (SE), Southwest (SW), Rocky Mountains (RM), and Far West (FW). 
Many spatial regressions that use county as a unit of analysis use regional fixed effects. Silver 
(1972) in his study of spatial patterns of mortality used Census divisions to characterize the data 
and to control for regional effects. BEA regions, often used in the economic growth studies, are 
more attractive since the states are grouped into regions based on physical proximity as well as 
socioeconomic homogeneity (i.e. level and trend in per capita income and industrial distribution 
of workers). Since income is an important variable f
d according to income and economic structure seems to be a better control for 
unobservable geographic and economic effects. 
The whole system of equations was estimated as a fixed effects model with six regional 
dummy variables included (FE). The New England and the Mideast regions were combined into 
one region (NE_ME) due to the small number of counties in New England for which data was 
available. The New England and the Mideast region acts as an excluded group. Regional 
variables are included in all three equations for theoretical reasons. Studies in environmental 
economics and epidemiology literature demonstrate spatial and regional variation in pollution, 
income, and population health, albeit no study was found that looks at the three variables jointly. 
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 Prior to proceeding with actual estimation, the Hausman test for endogeneity was 
conducted using SAS software’s Proc Model, in order to determine whether simultaneity 
between infant mortality, pollution and income exists. A test of the appropriate functional form 
was conducted for each structural equation by adding the squared and interaction terms of the 
ussed in the following Results Chapter. However, all the 
riabl
he G uss-Markov theorem is that errors are normally distributed with mean 
, sigma (σ), was formed in the following way. Sigma is equal to the ratio of the 
sum of
relevant variables. The Box-Cox test for the logarithmic specification was not performed, nor 
was the logarithmic form of the model considered because some of the variables had zero values, 
and the further deletion of observations was not desirable. 
 The presence of multicollinearity was analyzed by using Proc Factor in SAS as well as 
the Spearman correlation analysis. Certain consistent patterns and groups of collinear variables 
were identified and will be disc
va es that contributed to multicollinearity are necessary in the model for theoretical reasons 
and cannot be dropped. The large sample size of the present study may ameliorate the problems 
associated with multicollinearity. 
 The Barra-Jarque test was conducted to test for normality of errors. One of the 
assumptions of t a
equal to zero and variance σ2. A violation of this assumption may lead to inefficient estimates. 
The presence of outliers and influential observation, which contribute to infinite error variance, 
was also tested.   
 Lastly, each structural model was tested for the presence of groupwise heteroskedasticity. 
Since we are dealing with spatial data grouped into regions, it is important to test for the 
heterogeneity in the regional variances. Leaving heteroskedasticity uncorrected would yield 
unbiased parameter estimates, but t-statistics will be biased and inefficient, making inference 
unreliable. The residuals from each structural equation were collected by simultaneous 
estimation of the whole sample (2600 counties) and of each region separately. The test statistic 
for groupwise heteroskedasticity is given by a Lagrange multiplier. Essentially, regional 
residuals are compared to residuals taken from the whole sample. If the differences between the 
sets of residuals are significant, then groupwise heteroskedasticity exists. For each region, a 
correction factor
 squared regional residuals divided by the number of observations in a region. The data is 
weighted by the diagonal matrix p, which consists of elements equal to the inverse of the square 
root of sigma.   
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The results of the aforementioned statistical tests and econometric estimation are 
resentp ed in the next chapter along with descriptions of the seven regions, and characteristics of 
rural and urban areas. 
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Table 3.1 Variable descriptions: abbreviations, definitions, and units of all variables used in the 
study. 
 
Variable Definition Units 
Endogenous Variables 
IMR Infant Mortality Rate Infant deaths per 
e births 
AIR (P) index --- 
WATER (P) Drinking water # of violations per 
people 
opulation Risk (PR
1,000 liv
Air pollution 
TRI (P) TRI chemicals release index --- 
 violations  
100,000 
PCI Per Capita Income $1,000  
Infant Mortality Equation – P ) 
LBW Low Birth Weight Percent 
UNMARRIED ent 
ent 
AGE Women in the ag Percent 
(E
Unmarried Mothers Perc
TEEN Teenage Mothers Perc
e group 18-44 years 
Infant Mortality Equation – Environmental Risk R) 
AIR_TREND nce in air pollution index between1988 --- 
END 88 
R en PCI and AIR 
RI 
almonella)  diseases per 
ion people 
 r 10 million 
people 
cal Care (MC)
Differe
and 1997 
TRI_TR Difference in TRI chemicals index between 19
and 1997 
--- 
INCAI Interaction term betwe --- 
INCTRI Interaction term between PCI and T --- 
RISK Non-cancer hazardous air pollution health risk, 
1996 
--- 
INFECT Infectious Diseases (E.Coli, Shigella, S # of
mill
CRIME Violent Crimes, 1999 # pe
Infant Mortality Equation – Medi  
MED Medical Payments Per Capita, 2000 
HPSA Health Professionals Shortage Area dummy 
 1, if county is HPSA, 0 - 
ts 
$100 
 
variable -  equal to
otherwise 
Pollution Equation: All pollutan
PCI2 Per capita income squared 
Income p
$100 million 
$100,000 
Percent 
INCAREA er square mile 
MANUF Manufacturing employment 
Pollution Equation (X_AIR) 
GINI2 Gini coefficient squared --- 
TRAVEL Workers using environmentally friendly means of 
travel to work 
Percent 
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Table 3.1 Variable descriptions: abbreviations, definitions, and units of all variables used in the 
Variable Definition Units 
study (Continued). 
 
Pollution Equation (X_TRI) 
CONSTR Construction empl Percent 
Percent 
FIRMGR ment growth rate Percent 
W) 
oyment 
TWU Transportation, Warehouse, and Utilities 
employment 
Non-farm establish
Pollution Equation (X_
AG t Percent 
M ent 
ONS al  
GROUNDW e, 1995  Percent 
 --- 
RI --- 
Agriculture and resource-related employmen
FAR Farms with at least 500 acres, 1997 Perc
WC Daily water consumption, 1997 Million g
Groundwater us
lons
PEST Pesticide run-off index 
W_T TRI chemicals releases to water index, 1997 
Income Equation (G) 
TAX Local government finances, general revenue, and 
taxes 
Percent 
UNEMPL Unemployment rate Percent 
EDUC Educational attainment: Bachelor’s degree or 
higher, 1990 
Percent 
OWN Homeownership rate Percent 
OGIVE Ogive index of industrial diversity --- 
SERV Services-related sectors employment Percent 
AG Agricultural employment Percent 
IMR_TREND Trend in Infant Mortality, 1988-1997 --- 
RACE2 Ethnic diversity index squared --- 
GINI2 Gini coefficient squared --- 
Control Variables (C) 
POPGROWTH Population growth rate, 1990 - 2000 Percent 
POPDENS Population density People per square 
mile 
AREA Total county area 100 Square miles 
RACE Ethnic diversity index --- 
GINI Gini coefficient of income inequality --- 
RURAL Rural, non-metro adjacent counties dummy 
variable 
= 1 if Beale codes are 
5, 7, and 9; = 0, 
otherwise 
URBAN Urban, metropolitan counties dummy variable =1 if Beale codes are 
0, 1, 2, and 3; = 0, 
otherwise 
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Table 3.1 Variable descriptions: abbreviations, definitions, and units of all variables used in the 
udy (Continued). 
 
Variable ef
st
 D inition Units 
Fixed Effects (FE) 
N d and M  reg mmy le  
te Abbreviations  ME  NH, , DE
Y, PA) 
--
G reat Lakes region d  v  
State Abbreviations N, , WI
--- 
P ins region (States K MO, , SD --- 
S , F , KY, S, NC --- 
S est (States – A M, X) --- 
RM Rocky ns (S  CO T, U ) --
F est (States – A , H  OR
E_ME New Englan ideast ion du variab
(Sta  – CT, , MA,  RI, VT , DC, 
MD, NJ, N
- 
L G ummy ariable 
(  - IL, I MI, OH ) 
L Pla  – IA, S, MN,  NE, ND ) 
E Southeast (States – AL, AR L, GA  LA, M , SC, 
TN, VA, WV) 
W Southw Z, N OK, T
Mountai tates – , ID, M T, WY - 
W Far W K, CA I, NV, , WA) --- 
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Table 3.2 Means, Standard Deviations, Minima, and Maxima for all of the variables used in the 
analysis, Equations 3.1 – 3.3. 
 
Variable Counties Mean 
Standard 
Deviation Minimum Maximum
Infant mortality rate 2600 7.291 5.544 0.000 54.100
TRI chemical releases index 3
ons 1 1
ome 
t 
1
roup 18-44  1
missions -
mical releases -8 3
2 5 12
e·TRI chemical releases 20 100
 violations 
 score 2
ses 1 1 29
2 15 806
ent per capita 1 6
Prof. Shortage Area 
ncome squared 2
sq. mile 3 14 346
1 4
ravel 1 7
7.744 2.263 2.174 22.511
TWU 2600 5.371 1.774 0.808 26.049
Firm growth rate 2600 16.780 20.142 -48.000 230.000
Agricultural sector 2600 5.571 5.329 0.062 48.121
Large Farms (500+acres) 2082 19.159 16.709 0.000 84.000
Water consumption 2082 29.232 91.640 0.120 1804.540
Groundwater use 2082 49.805 35.170 0.000 100.000
Agricultural run-off index 2082 1.510 0.568 0.000 2.000
TRI releases to water index 2082 1.000 6.711 0.000 217.471
2600 1.000 6.919 0.000 08.523
Air emissions index 2600 1.000 2.218 0.007 39.205
Drinking water violati 2082 6.891 1.947 0.002 66.667
Per capita inc 2600 17.710 4.070 6.286 44.962
Low birthweigh 2600 7.424 1.778 3.020 16.160
Unmarried mother 2600 31.385 0.590 5.010 76.610
Teenage mother 2600 5.917 2.703 0.600 16.400
Women in the age g 2600 18.262 2.296 1.278 31.161
Trend in air e 2600 0.000 0.598 8.478 8.861
Trend in TRI che 2600 0.000 6.685 9.596 06.730
Income·Air emissions 2600 1.071 8.612 0.102 65.764
Incom 2600 20.787 6.441 0.000 22.077
Income·Water 2082 1.192 1.953 0.001 26.254
Non-cancer risk 2600 2.051 1.838 0.000 0.200
Infectious disea 2600 0.850 4.416 0.000 9.209
Crime rate 2600 9.646 8.787 0.000 7.000
Medical paym 2600 4.981 5.201 0.000 7.513
Health 2600 0.228 0.420 0.000 1.000
Per capita i 2600 3.302 1.730 0.395 0.216
Income per 2600 2.807 5.285 0.040 5.409
Manufacturing 2600 6.915 8.901 0.753 8.554
Means of T 2600 7.599 4.569 6.924 4.764
Construction 2600
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Table 3.2 Means, Standard Deviations, M ima for all of the variables used in the 
analysis, Equations 3.1 – 3.3 (Continued). 
 
Standard 
inima, and Max
Variable Counties Mean Deviation Minimum Maximum
Local government 2600 77.453 16.694 16.200 99.900
Unemployment rate 2600 5.939 2.554 1.625 33.033
Bachelor's degree or higher 2600 13.757 6.806 3.700 53.500
Homeownership rate 2600 73.836 7.319 27.000 89.600
Ogive index 2600 67.729 29.772 17.094 251.555
Services sector 2600 49.584 8.539 27.879 89.540
Trend in the Infant Mortality 2600 -2.277 7.952 -42.300 54.100
Population growth 2600 12.799 15.698 -26.318 191.047
Popula
Count
1.000
Great 
Plains
tion density 2600 18.071 74.824 0.039 2544.221
y area 2600 10.396 14.068 0.154 201.053
Ethnic diversity 2600 23.240 17.205 0.441 69.208
Ethnic diversity squared 2600 8.360 9.744 0.002 47.898
Gini 2600 36.723 7.504 18.388 64.164
Gini squared 2600 14.049 5.901 3.381 41.170
Rural dummy 2600 0.251 0.434 0.000 1.000
Urban dummy 2600 0.392 0.488 0.000 1.000
New England and the Mideast 2600 0.090 0.286 0.000 
Lakes 2600 0.157 0.364 0.000 1.000
 2600 0.154 0.361 0.000 1.000
Southeast 2600 0.366 0.482 0.000 1.000
Southwest 2600 0.117 0.322 0.000 1.000
Rocky Mountains 2600 0.063 0.242 0.000 1.000
Far West 2600 0.053 0.224 0.000 1.000
 
38 
CHAPTER IV 
RESULTS 
 
 As discussed in Chapter 3, a model of simultaneous equations for infant mortality, 
pollution, and income is proposed based on theoretical reasons. The Hausman test for 
endogeneity revealed that the two-stage least squares estimation method is preferred to the 
ordinary least squares, thereby confirming the theoretical prediction that income, health, and 
pollution are endogenous. The data was checked for alternative functional forms, 
multicollinearity, infinite error variance, non-linearity, and groupwise heteroskedasticity.  
Many of the added squared and interaction terms turned out significant, indicating either 
that the model is non-linear and/or that it suffers from the omitted variable bias. However, the 
addition of the squared and interaction terms exacerbated the problem of multicollinearity even 
population risk factors of the infant mortality equation. Thus, % of low 
birthwe
it 
could be used as a proxy for population risk factors. A similar pattern for low birthweight, 
unmarried mothers, teenage mothers, and the ethnic diversity index is found when all 
instrum nts from the air and TRI chemicals pollution models are analyzed. Such grouping is not 
further. While the newly added terms were significant, many of the originally significant 
variables had their standard errors increase, becoming insignificant. Thus, the final model was 
estimated with only a few theoretically relevant squared and interaction terms. 
The Barra-Jarque test indicates that the model suffers from the infinite error variance and 
that there are a number of outliers and influential observations. However, none of the 
observations were deleted in order to retain the full sample. In spatial studies such as the present 
thesis, outliers are existing counties that cannot simply be deleted, because they provide vital 
information on geographic variation in income, infant mortality, and pollution. Groupwise 
heteroskedasticity was detected and corrected.  
 Factor analysis was conducted to check for multicollinearity. For the drinking water 
violations model, in the factor analysis that included all explanatory variables from the three 
equations, four groups of related variables are identified. The strongest case of multicollinearity 
is found among 
ight (LBW), unmarried mothers (UNMARRIED), and teenage mothers (TEEN), along 
with the ethnic diversity (RACE) variable group together. The factor score is the highest for the 
ethnic diversity index, meaning it is so highly correlated with the other three variables that 
e
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unexpected since the National Center for Health Statistics reports have always raised issues 
d greater risk factors, such as teenage pregnancy and single 
g ethnic and racial minorities. 
 
% with
me and the air pollution interaction term 
(INCA
The results for the TRI 
chemic
 
about higher infant mortality an
mothers, which exist amon
The second identified group from the water model consists of urban-related variables and 
includes per capita medical payments, per capita income squared, population growth, income 
inequality and its squared term, and the urban dummy variable. The Pearson correlation 
coefficients are all positive and significant for these variables as well, confirming the results of 
the factor analysis. The third group includes the % of women 18 – 44 years old, income per area, 
 a Bachelor’s degree or higher, services industry employment, homeownership rate, and 
population density. Finally, water model-specific variables, such as pesticide run-off potential 
index and share of large farms with at least 500 acres, are grouped with such variables as 
manufacturing employment and county area.  
 In the case of the air pollution model similar four groups of variables are identified. For 
the first group, per capita income squared, Gini coefficient and its squared term, employment in 
agriculture and resource-related industries, and the urban dummy variable are clustered together. 
Population risk factors group is the same as in the water model (LBW, UNMARRIED, TEEN, 
RACE, RACE2). The third group includes inco
IR), the non-cancer risk score (RISK), income per square mile (INCAREA), and the 
population density (POPDENS). The fourth and final group consists of manufacturing (MANUF) 
and services (SERVICES) employment, and county area (AREA). 
als pollution model are similar. The factor analysis results are summarized in Table 4.1. It 
is possible that the lack of significance for many of the variables is caused by multicollinearity. 
However, the large sample size that ranges from 2082 counties for the water model to 2600 
counties for the air and TRI models should ameliorate the problems associated with 
multicollinearity. 
The present chapter is divided into four sections. The first three sections discuss the 
results of the three different simultaneous models estimated with TRI chemicals, air pollution, or 
drinking water violations, respectively. The fourth section synthesizes the results of all models. 
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 Section 1: TRI Chemicals Model
Infant Mortality Equation 
Table 4.6a presents parameter estimates for the infant mortality equation. Despite the fact 
that the majority of the variables are not significant, the model performs relatively well in terms 
of its explanatory power and expected signs of significant variables. Per capita income is 
significantly different from zero at the 90% confidence level. Higher per capita income in a 
county is associated with lower infant mortality rate, consistent with initial predictions.  
The endogenous TRI chemicals releases variable is positive and significant at the 99% 
confidence level. Thus, higher TRI chemicals releases in a county are associated with higher 
infant mortality rates, thereby confirming findings from environmental health studies (Brown et 
al., 1995; Gangadharan and Valenzuela, 2001). The variable that reflects a 10-year trend in TRI 
chemical releases is not significant (TRI_TREND). From Table 3.2 presented earlier, it is 
apparent that TRI chemical releases have not changed much between 1988 and 1997, as reflected 
by the mean of zero. Although some counties experienced large declines or increases in TRI 
chemic
 rate (IMR) is 
demonstrated by the % of low birth weight (LBW), which is significant and positive in sign. Low 
he highest risks for infant mortality.  
 (Table 4.2a), the greatest mean infant mortality rate (IMR), 
and the
al releases, there is not enough change across the nation for this variable to be a 
significant determinant of the infant mortality rate. 
The strongest influence in explaining the variation in the infant mortality
birth weight is considered one of t
Counties designated as Health Professionals Shortage Areas (HPSA) tend to have lower 
infant mortality rates than non-HPSA counties. In order to investigate possible reasons for such a 
result, it is useful to look at characteristics of counties along the rural-urban continuum. Tables 
4.2a – 4.2c show means of all variables in the study by the degree of urbanization for three 
groups of counties: rural and remote, rural and metro-adjacent, and urban and metropolitan 
counties, respectively. Rural, remote and rural, metro-adjacent counties have a greater proportion 
of counties that are designated as HPSA, 29% and 26%, respectively. Only 16% of all urban 
counties are designated as HPSA. At the same time, rural, remote counties have the least amount 
of air and TRI chemicals pollution
 lowest mean per capita income (PCI).  
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The mean values of several variables (PCI, IMR, AIR, TRI, LBW, UNMARRIED, 
TEEN, RACE, GINI, RURAL, URBAN) were compared for HPSA counties versus non-HPSA 
countie
aints 
ction or 
ositive and significant, while the 
parame
s for the larger 2600 counties sample (Table 4.3). HPSA counties, which comprise 22.8% 
of all counties, tend to be more rural, as mentioned earlier, have higher IMR, lower incomes, 
greater values for all risk factors (LBW, UNMARRIED, TEEN), are more ethnically diverse, 
and have less income inequality. Thus, it is possible that because non-HPSA counties have 
greater income inequality, they may have higher infant mortality rates, as indicated by the sign of 
a parameter estimate. Unequal income distribution signals the presence of very poor groups of 
people, who even though they might be living in a county with a lot of health professionals, but 
nonetheless may be lacking access to the available medical services due to financial constr
or lack of medical insurance. Thus, increasing the availability of physicians and health 
professionals may not necessarily lead to an improved access to medical services for the most 
impoverished, since other factors (i.e., medical insurance or poverty) may influence access to 
medical care. The HPSA variable is problematic because it tends to reflect poverty in a county 
rather than the true availability of and access to medical care. 
Neither rural nor urban dummy variables show significance in any of the three models, 
although Table 4.2a demonstrates that the infant mortality rate is higher in the most rural 
counties by about 4.8%, when compared to the most urban counties (Table 4.2c).  
 
TRI Chemical Releases Equation 
 Table 4.6b presents parameter estimates for the Environmental Kuznets Curve fun
pollution equation. For the TRI chemicals model, instead of observing the hypothesized inverse 
U-shaped relationship, there is evidence of a general U-shaped curve between income and 
pollution since the coefficient on per capita income is p
ter estimate for income squared is negative and significant. Thus, at low levels of income, 
increases in income are associated with declines in TRI chemicals releases, but at high-income 
ranges, further increases in income are associated with greater TRI chemicals releases. The 
threshold level of county average annual per capita income at which the function changes its 
curvature is calculated at $1,463.  
The low turning point for the income-pollution curve imply that the U.S. counties are 
beyond the turning point and are thus located on the rising portion of the curve for TRI 
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chemicals releases. The minimum per capita income in the sample is $6,286 for Shannon 
County, South Dakota. 
It is possible that there is just not enough variation in incomes across the U.S. counties in 
order to observe the EKC relationship between income and TRI pollution. The coefficient of 
variation (CV) for per capita income, calculated as a ratio of standard deviation to the mean, is 
equal to 23%, which is not very high compared to the CV for TRI chemicals, equal to 692%. The 
aforementioned results, which generally do not support the EKC hypothesis, are consistent with 
conclusions reached by Harbaugh et al. (2002). In their cross-country study, the authors could 
not ma
e, population 
density
s.  The variable INCAREA may act as a proxy for the education variable since the 
educati
s with lower TRI releases tend to have higher rates of population growth, as 
indicated by the negative and significant parameter estimate. 
me inequality or higher value of the Gini coefficient is associated with higher 
ke a definite prediction about the “true” relationship between income and pollution even 
after correcting for all statistical problems such as collinearity, outliers, and data clustering. 
 Income per area (INCAREA), as a measure of economic intensity of production, carries a 
negative and significant sign for the TRI chemicals model. A closely related variabl
 is strongly significant at the 1% significance level and has an expected positive 
association with the TRI chemical releases. Income per area and population density variables 
have a very high Pearson correlation coefficient of 0.94. Income per area, population density, 
and education (% with Bachelor’s degree or higher) variables are grouped together in the factor 
analysis. Moreover, education and income per area have a high positive correlation and high 
factor score
on variable is omitted from the pollution equation. Other studies (Goetz et al., 1998) have 
shown that counties with a greater proportion of educated people have lower pollution levels. 
Thus, the negative sign of the income per area may be the result of omitted variable bias. 
 Higher manufacturing employment (MANUF) is associated with greater TRI chemicals 
releases. Countie
Greater inco
TRI chemical releases, consistent with research conducted at the state and county levels (Boyce 
et al., 1999; Rupasingha et al., 2003). However, in counties that already have high income 
inequality, further worsening in the income inequality may actually lead to lower pollution, as 
indicated by the negative sign of the squared Gini coefficient. Thus, there is a non-linear inverse 
U-shaped relationship between income inequality and pollution, similar to the EKC relationship 
between income and pollution. The turning point is equal to 1.572, which is much lower than the 
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minimum Gini coefficient (18.4) in the data (Table 3.2). Thus, all U.S. counties are located on 
the declining portion of the pollution-income inequality curve, indicating that an increase in 
income inequality may be correlated with a decline in TRI chemical releases. However, per 
a 
income
ction 
industr
ortality is negatively associated with per 
capita income and the Gini coefficient are highly correlated (Pearson correlation score equal to 
0.8) and also group together in the factor analysis. It is possible that the relationship between 
pollution and income inequality obscures the association between pollution and per capit
 since income and income inequality may have confounding effects on pollution. In this 
type of a study, it is difficult to untangle interactions of highly collinear variables. 
The ethnic diversity index is not significant for the TRI chemical releases model, but it 
does carry a positive and significant sign in the air pollution model, discussed in the next section. 
From Table 4.2, urban counties have the greatest TRI releases and the highest mean ethnic 
diversity index value compared to rural, metro-adjacent and rural, remote counties. 
The urban dummy (URBAN) variable is positive and significant, denoting that urban, 
metropolitan counties may have higher TRI releases than rural, metro-adjacent counties. The 
rural, remote (RURAL) counties indicator variable is not significant. The result is consistent with 
the actual data, as presented in Table 4.2a – 4.2c. The mean TRI chemicals release index 
increases with the degree of urbanization, with metropolitan counties having the highest level of 
pollution.  
The three variables that are specific only to the TRI chemicals model are % constru
y employment (CONSTR), % employed in the transportation, warehousing, and utilities 
(TWU) sectors, and the firm growth rate (FIRMGR). Only the construction variable is significant 
and positive, while the other two variables are not significant. The model has a relatively low R-
squared of 0.33. 
 
Income Equation 
 The income equation’s variables of interest are endogenous infant mortality rate (IMR) 
and endogenous TRI releases (Table 4.6c). Infant m
capita income, mirroring earlier results from the infant mortality equation, where higher per 
capita income was associated with lower infant mortality rate. Although all micro-level studies 
find that poor health tends to reduce household earnings and income, the infant mortality rate 
variable, in this case, displays correlation with per capita income rather than causation due to the 
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aggregate nature of the study. In the county level analysis, factors like unemployment rates and 
the education level of the populace may be more responsible for a given per capita income level 
than the infant mortality rate is. 
 Counties with greater TRI chemical releases tend to have higher incomes. The positive 
and significant coefficient for the TRI variable is consistent with results obtained earlier from the 
EKC function, which indicated that all counties were located on the rising portion of the EKC.  
n of the 
concentration (greater Ogive index value) is associated with lower incomes. Thus, 
ore economically diverse counties are likely to have higher incomes. Both services and 
 negative effects on income.  
 
gn of the squared ethnic diversity index. Thus, 
The variable that reflects the difference in TRI releases between 1988 and 1997 is not 
significant (TRI_TREND) for per capita income, similar to the infant mortality equation results 
presented earlier. However, the infant mortality trend variable (IMR_TREND), calculated as the 
difference in IMR between 1988 and 1997, is a significant and positive determinant of income. 
Thus, a greater upward change in the infant mortality rate from 1988 to 1997 is associated with 
greater per capita incomes. The result may at first seem to contradict the negative sig
IMR variable in the income equation, since the IMR variable indicates that counties with higher 
IMR should have lower incomes. However, the IMR_TREND variable reflects the effects of a 
change in the IMR which are naturally different from effects of the IMR level. From Tables 4.2a 
– 4.2c, rural, remote counties with higher mean IMR and lower per capita income had the 
smallest changes (declines) in the infant mortality rates, as reflected by the mean IMR_TREND 
variable, while rural, metro-adjacent counties, along with urban counties, have lower mean IMR, 
higher per capita income, and the greatest changes (declines) in IMR from 1988 to 1997.  
The remaining explanatory variables of the income equation have the expected signs. 
Greater local government revenues and taxes (TAX) have a positive effect on income. Higher 
unemployment (UNEMPL) counties tend to have lower incomes. The % of people with a 
Bachelor’s degree and higher (EDUC) is positively associated with per capita income. 
Homeownership rates, as indicators of wealth, also have a positive effect on income. Greater 
industrial 
m
agricultural sectors have
Counties with higher population density (POPDENS) tend to have higher incomes (PCI). 
Ethnic diversity (RACE) is associated with higher incomes in counties that have little ethnic 
diversity. However, further increases in ethnic diversity are correlated with lowering of per 
capita incomes, as indicated by the negative si
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there is
ed with 
higher 
ble that after controlling for TRI releases and infant 
mortali
e three equations. The seven regions used in this study are depicted in 
Figure A.1 in the Appendix. 
 an inverse U-shaped relationship between RACE and PCI. The turning point of the 
inverse U-curve is a maximum, calculated to be 7.692. A substantial number of counties have an 
ethnic diversity index higher than the threshold (1939 counties or 74.6% of the sample). In these 
predominantly urban counties, a further increase in ethnic diversity would be associated with a 
decline in per capita income, whereas in counties below the threshold, the relationship is 
reversed. 
 In the case of income inequality, there is a traditional U-shaped relationship between 
income inequality and income. Greater income inequality at first leads to lower incomes, but at 
higher levels of income inequality, further increases in the Gini coefficient are associat
incomes. The phenomenon is often labeled as the “trickle down effect” of wealth, where 
high income inequality, implying a large amount of wealth concentrated in a few hands, may 
eventually lead to the overall improvement in income levels for the general population.  
 As indicated by the positive and significant sign of the RURAL dummy variable, rural, 
remote counties may have higher per capita incomes than rural and metro-adjacent counties (the 
excluded group). In contrast, the urban counties indicator variable (URBAN) is never significant. 
However, the data, presented in Table 4.2a – 4.2c, indicates that incomes progressively increase 
as the degree of urbanization rises from remote, rural counties, to rural and metro-adjacent, to 
urban and metropolitan counties. It is possi
ty rates in a regression framework, rural counties would tend to have higher incomes. 
Overall, the income equation is the best-performing of the three equations, having the highest 
explanatory power (R2 = 0.99). The high adjusted R-squared arises due to the use of the weighted 
regression when correcting for groupwise heteroskedasticity. Thus, the SAS software 
reformulates the definition of R-squared when a weighted intercept is used. The new formula for 
the R-squared is the following: 1 – (Residual Sum of Squares/Uncorrected Total Sum of 
Squares). 
 
Regional Fixed Effects 
The F-test of joint significance demonstrates that fixed effect variables are significantly 
different from zero at the 99% confidence level. Therefore, six regional dummy variables are 
retained in each of th
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Before discussing the parameter estimates for the regional dummy variables, it is useful 
to analyze the regions via the descriptive data presented in Tables 4.4a – 4.4g. Ordering the 
regions from the highest to the lowest infant mortality rate, the Southeast (SE) region has by far 
the highest IMR, followed by the Southwest (SW), the Great Lakes (GL), Rocky Mountains 
(RM), New England and the Mideast (NE_ME), and the Plains (PL). The Far West (FW) has the 
lowest IMR (Table 4.4g). If the regions are ordered by income from the lowest income to the 
highest, the SW and SE are again leaders, followed by PL, RM, GL, FW, and NE_ME. Thus, 
clearly, a pattern emerges where a few regions with the highest infant mortality rates are the 
same re
TRI releases 
and air
e infant mortality rate, air pollution, TRI chemical releases, and 
per cap
 per capita incomes tend to have lower 
infant m
gions with the lowest incomes, such as the Southeast and the Southwest regions.  
On the other hand, regional TRI releases patterns tend to follow income patterns to a 
greater extent than the infant mortality patterns. TRI chemicals releases are the highest in the 
New England and the Mideast region, followed by the Great Lakes, the Southeast, the 
Southwest, Plains, Far West and Rocky Mountains with the lowest TRI releases. 
 pollution have similar regional patterns. Overall, it is apparent that regions with the 
highest incomes, such as New England and the Mideast, the Far West, and the Great Lakes also 
tend to have higher pollution levels, but low or middle-range infant mortality rates. The 
Southeast region is notable in that it has the highest infant mortality, the second lowest per capita 
income, and the third highest TRI releases. 
The spatial patterns for th
ita income are illustrated in Figures A.2, A.3, A.4, and A.5. The quintiles are plotted, 
instead of the raw data, in order to better demonstrate spatial differences. In pollution and infant 
mortality maps, the middle portion of the country tends to be the major source of missing data. 
Both air and TRI chemical releases follow very similar patterns with the most pollution 
concentrated in the eastern part of the country and the western industrial centers, areas around 
Los Angeles, the San Francisco Bay area, and Seattle, with a few pockets of pollution scattered 
in middle parts of the country. In the case of infant mortality, the clear patterns are much less 
evident, although pockets of high infant mortality rates may be identified in the Southeast, the 
Southwest, and the Plains regions. A map of per capita income when compared to the map of the 
infant mortality rates demonstrates that areas with high
ortality rates. 
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For trends in pollution (TRI_TREND) and infant mortality (IMR_TREND), regions with 
the highest TRI pollution levels currently also have the highest increases or the smallest declines 
in pollution levels from 1988 to 1997. The New England and the Mideast region has the highest 
increase in the TRI releases, followed by the Rocky Mountains. The Great Lakes and the Far 
West have the smallest declines in the TRI releases, followed by the Southwest, then the 
outheast, and finally the Plains with the largest decline in releases. Infant mortality has declined 
e smallest declines relative to other regions are the Southwest, 
ast, and the Rocky Mountains. 
 results follow the findings from the actual data 
I chemicals model. Only in the TRI 
odel, greater pollution (chemical releases) is associated with higher IMR. From the analysis of 
utheast region, with the highest number of counties, has the highest IMR 
and the
S
in all regions. Regions with th
New England and the Mide
The two regions of the SW and the SE, in addition to the RM, also have the greatest % of 
counties that are classified as Health Professionals Shortage Areas (HPSA). Most rural regions 
are the RM, PL, SW, and SE. The regions with the highest ethnic diversity are the SW, FW, SE, 
and RM. However, the SW, SE, PL, and RM regions have the lowest income inequality. Income 
inequality seems to be higher in the high-income regions of NE_ME, GL, and FW.  
Turning now to parameter estimates of the infant mortality equation estimated with 
endogenous TRI chemicals releases, the Southeast region has a significantly higher infant 
mortality rate than any other region (Table 4.5a). The Far West region has the lowest infant 
mortality rate, according to a negative parameter estimate. All the other regional dummy 
variables are not significant. These regression
presented in Tables 4.4a – 4.4g.  
All regional dummy variables show significance at the 99% confidence level in the 
pollution equation for TRI releases. The pollution equation produces all negative parameter 
estimates, predicting that the NE_ME region would have the highest TRI chemical releases, 
which is more in accord with reality. The region that is predicted to have the second highest TRI 
releases is the Southeast, followed by the Great Lakes, Southwest, Rocky Mountains, Plains, and 
the Far West. Such ordering is consistent with patterns seen from Tables 4.4a-4.4g as well as 
parameter estimates from the simultaneous system for TR
m
the fixed effects, the So
 second highest level of TRI chemical releases.  
In the income equation, the Plains, the Southeast, the Southwest, and the Rocky 
Mountains all have negative and significant parameter estimates. The Far West region has a 
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significantly positive coefficient. Thus, only the Far West region is predicted to have per capita 
income that is higher than the income in New England and the Mideast region. Overall, these 
parameter estimates are consistent with the actual data, where the NE_ME and the FW regions 
have the highest mean per capita income, while the SE and the SW have the lowest per capita 
incomes. 
 
Section 2: Air Pollution Model
Infant Mortality Equation 
The results for the infant mortality equation, estimated with endogenous air pollution 
measure, are presented in Table 4.6a and are similar to the results discussed earlier for the TRI 
model. For the variables of interest, only the endogenous per capita income is significant and 
negative in sign. The air pollution measure is not a significant determinant of the infant mortality 
rate. Although previous studies at the county level have found adverse effects from air pollution 
on infant mortality (Chay and Greenstone, 2003), this particular study is very different in design 
in that it corrects for endogeneity between infant mortality, air pollution, and income. A 
plausible consequence of the simultaneous estimation is that the effects of income on infant 
mortality are stronger than pollution effects are, thus shielding pollution effects, which is 
especially likely when aggregate data is used.  
 Among the population risk factors, in addition to the low birthweight variable, % of 
unmarried mothers is also positive and significant at the 90% confidence level. Counties with a 
higher proportion of low birthweight (LBW) events and a higher % of unmarried mothers 
(UNMARRIED) tend to have higher infant mortality rates. Health Professionals Shortage 
(HPSA
 contrast to the pollution equation with TRI releases, the air pollution equation displays 
evidence for the presence of the inverted U-shaped relationship between income and pollution 
onsistent with the EKC literature. Per capita income (PCI) is strongly significant and positive, 
) counties would have a lower infant mortality rate, according to a regression estimate. 
This particular result was discussed earlier in the TRI model. The explanatory power of the 
infant mortality equation, estimated with endogenous air pollution, is similar to the infant 
mortality equation, estimated with TRI chemical releases. 
 
Air Pollution Equation 
In
c
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while per capita income squared (PCI2) has a significantly negative association with the air 
emissio
issions from a different data source. 
ounties with greater manufacturing employment and greater population density tend to 
s. Greater county area is associated with less air emissions. Such a result 
s 
than ru
ns index. Thus, at low levels of income, greater incomes are associated with higher levels 
of air pollution, but once a certain threshold is exceeded, further increases in income are 
correlated with lower emissions. The turning point at which the curve starts to decline is 
calculated to be at $1,774, which is quite low and in stark contrast to the estimate obtained by 
Rupasingha et al. (2003). The latter county-level study estimated the turning point for air 
pollution at $22,127, although the air pollution variable used in that study measured TRI releases 
to air, whereas this thesis uses criteria pollutants air em
C
have higher air emission
is consistent with the fact that mostly rural states in the Rocky Mountains, Southwest, and Far 
West regions have larger areas and less air pollution than the more polluted and smaller states of 
the New England and the Mideast as well as the Great Lakes regions (Tables 4.4a – 4.4g). 
Counties with greater ethnic diversity tend to have higher air pollution levels. The result is 
consistent with environmental justice literature that finds gaps in pollution levels and pollution 
exposure with respect to various racial and ethnic groups. However, such a result may also be 
attributed to the rural-urban differences. For example, the more urban counties would have 
greater air pollution and ethnic diversity index values, as observed in the data (Tables 4.2a – 
4.2c). Regression estimates confirm that rural, remote counties may have lower air emission
ral, metro-adjacent counties. Urban counties tend to have higher air pollution than the 
excluded group of the rural, metro-adjacent. Similar to the TRI model, there is an inverse U-
shaped relationship between income inequality and air emissions. 
The only variable unique to the air pollution equation, the % of workers who use public 
transportation or non-automotive means of travel to work (TRAVEL), has a negative and 
significant parameter estimate. Thus, counties that have a higher proportion of workers who 
commute to work by bus or bicycle, or who walk, tend to have lower air emissions, controlling 
for rural-urban differences. Compared to the other two pollution equations (TRI and water), the 
air pollution equation has the highest explanatory power with an adjusted R-squared of 0.91. 
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Income Equation 
In contrast to the income equation from the TRI model, the income equation from the air 
ses. The explanatory power of the income equation in the air model is the 
me as for the income equation from the TRI model. 
 
ve and significant parameter estimates, albeit smaller in 
magnit
est magnitude to the lowest yields the 
model yields a non-significant relationship between per capita income and the infant mortality 
variable. The trend in the infant mortality variable is also not a significant determinant of per 
capita income. Air pollution is positively associated with per capita income. The results for all 
other explanatory variables are the same as those derived from the income equation, estimated 
earlier with TRI relea
sa
 
Regional Fixed Effects 
As discussed earlier in Section 1, air pollution regional patterns are very similar to the 
TRI chemicals releases (Figures A.3 and A.4). From Tables 4.4a – 4.4g, air pollution is highest 
in the New England and the Mideast region, followed in a decreasing order, by the Great Lakes, 
the Southeast, the Far West, the Southwest, the Plains, and the Rocky Mountains. Once again, as 
in the case of TRI releases, the Southeast has the third highest pollution level, while the Rocky 
Mountains have the lowest air emissions. The greatest increase in air pollution between 1988 and 
1997 happened in the Southeast, followed by the Plains, and the Great Lakes. In the Southwest, 
air pollution level stayed the same on average. The greatest decline in air pollution occurred in 
the New England and the Mideast region, followed by the Rocky Mountains, and the Far West. 
Looking at the fixed effects presented in Table 4.6a, only one parameter estimate for the 
infant mortality equation, estimated with endogenous air pollution, is similar to the coefficient 
from the TRI model’s infant mortality equation. The Southeast region has the highest positive 
coefficient, implying that the infant mortality rate is highest in that region. The Great Lakes and 
the Plains regions also have positi
ude than the Southeast estimate. The Far West regional dummy variable is not significant.  
 For the air pollution equation (Table 4.6b), all of the parameter estimates are positive and 
significant, indicating that the excluded region of New England and the Mideast has the lowest 
air pollution level. This result is in contrast to the highest mean air pollution observed for the 
NE_ME region in Table 4.4a. As mentioned earlier, despite the fact that the NE_ME region has 
the highest mean air pollution, the region also had the largest decline in air pollution from 1988 
to 1997. Ordering the parameter estimates from the high
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following: RM, FW, PL, SW, SE, GL, and NE_ME, which is similar to the regional pattern if the 
riable are analyzed. 
Section
means of the AIR_TREND dummy va
 Parameter estimates for the income equation of the air model are similar to the estimates 
for TRI model’s income equation, except that the Southeast and the Great Lakes regions 
estimates are not significant in the former model. The Far West has the highest per capita 
income, while the Rocky Mountains region has the lowest level of income, according to 
parameter estimates. 
 
 3: Drinking Water Violations Model 
Infant Mortality Equation 
As in the air pollution model, the relationship between the number of drinking water 
violations and the infant mortality rate is not significant. It is possible that, because the number 
of violations does not reflect the severity of violations, the effects of violations on infant 
mortality are not apparent. Counties with higher per capita income tend to have lower infant 
mortality, consistent with results for the two previously discussed models. For the population 
risk fac
es. For the water model 
smaller
y literature, where income inequality is found to have an adverse effect on age-
adjuste
tors, low birth weight and the % of unmarried mothers have significant and positive 
coefficients as expected. However, counties with the higher % of teenage mothers tend to have a 
lower infant mortality rate as indicated by the negative and significant parameter estimate. As 
Tables 4.2a – 4.2c show, the % of teenage mothers is highest in the rural, metro-adjacent 
counties, compared to lower rates in remote, rural and urban counti
 sample, infant mortality is highest in the most rural counties (rural, remote), while rural, 
metro-adjacent counties and urban, metropolitan counties have lower rates. It is possible that the 
negative sign of the teenage mothers’ variable is driven by the nature of the sampled counties or 
caused by the omitted variable bias. 
Counties with lower infant mortality rates tend to have higher population growth rates, as 
reflected by the negative and significant sign of the POPGROWTH variable. Higher income 
inequality is associated with higher infant mortality rates. The result is consistent with 
epidemiolog
d mortality rates through various psychosocial and material pathways (Lynch et al., 2000; 
Kaplan et al., 1996). The explanatory power of the water model’s infant mortality equation is the 
highest, compared to the other two models (air and TRI). 
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 Drinking Water Violations Equation 
 The drinking water violations model is different from the air and TRI release models 
primarily because this measure of pollution comes closer to reflecting the actual ambient 
environmental (drinking water) quality compared to the emission models for air and TRI 
chemicals. Whereas there was a danger of pollution transport across the county boundaries in the 
latter two models, drinking water violations avoid the problem of transboundary pollution 
 county area, and ethnic diversity are all non-significant in 
e water violations equation. Income inequality has a non-significant coefficient, while its 
gative and significant.  
ounties with 
reater daily water consumption, greater agricultural run-off potential, and greater TRI chemical 
 have a lower number of drinking water quality violations. The variables 
% larg
ter 
violatio
because these violations are based on the local, county-specific ambient pollutant concentrations. 
In the last of the estimated EKC-type functions, only per capita income has a positive and 
significant relationship with the number of drinking water violations (Table 4.7a). The income 
squared term is not significant. Counties with higher employment in the manufacturing and 
agriculturally-related industries tend to have a higher number of drinking water violations. 
Population density, population growth,
th
squared term is ne
Urban-rural differences in water violations follow a different pattern than those in the air 
and TRI models. Based on a comparison of parameter estimates’ magnitudes, urban counties 
have the lowest number of violations, followed by rural, remote counties. The excluded group of 
the rural, metro-adjacent counties is predicted to have the highest number of violations. The 
result is consistent with the actual data presented in Tables 4.2a – 4.2c. 
Results for explanatory variables, unique to the water model, indicate that c
g
releases to water would
e farms (FARM) and % groundwater use (GROUNDW) are not significant. Daily water 
consumption (WCONS) is lowest in the rural, metro-adjacent counties, which also have the 
highest water violations number (Tables 4.2a – 4.2c). Highest water consumption may be 
observed in the rural, remote counties, which have the second highest number of wa
ns. 
In order to explain the results of the agricultural run-off potential variable and the TRI 
chemical releases to water, it should be noted that there are a number of important variables not 
controlled in the regression model which may influence the link between emission-type variables 
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and the actual drinking water quality violations. The most important missing variable is the 
strictness of local or state environmental laws and the strength of enforcement, which are 
difficult to measure at the county level. Looking at Tables 4.2a – 4.2c, pesticide run-off potential 
is high
 that areas with the highest agricultural run-off potential do not match the 
regions
king water violations tend to have higher per capita incomes, consistent 
with th
Regional Fixed Effects 
ons presented in Tables 4.4a – 4.4g, ordering regions from the 
highest
est in the more urban areas. TRI releases to water are also higher in the more urban areas. 
It is possible that the sample of counties dictates the direction of the relationship between 
drinking water violations and the agricultural run-off potential index or TRI chemicals release to 
water index. 
 Table A.1 in the Appendix lists the top fifty counties in terms of the highest number of 
drinking water violations and compares them to fifty counties with the highest values for TRI 
chemicals release to water index. As evident from the table, none of the counties match. Figures 
A.1 and A.2 also show
 of greatest drinking water violations. Figure A.3 presents the spatial distribution for the 
TRI chemicals release to water index. 
 
Income Equation 
 As in the case of the income equation estimated with air pollution, the endogenous infant 
mortality rate variable is not a significant determinant of per capita income. Counties with a 
higher number of drin
e direction of the relationship between pollution and income demonstrated in the pollution 
equation earlier. The results for all the other explanatory variables are similar in significance and 
the coefficients’ signs to the results from the TRI and air models presented earlier.  
 
Based on mean violati
 to lowest number of drinking water violations yields the following: PL, RM, NE_ME, 
GL, SE, FW, and SW. From Figure A.6, it is evident that areas along the northern borders of the 
country and some eastern areas have the highest number of drinking water quality violations. 
Returning to Tables 4.4a – 4.4g, the Plains and Rocky Mountains regions are the most 
rural and have the largest share of farms with at least 500 acres (FARM). Agricultural run-off 
potential is highest in the GL, PL, SE, and NE_ME regions, confirmed by Figure A.7. However, 
TRI chemicals releases to water (W_TRI) are lowest in the PL and RM regions. The Plains 
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region also has the highest percentage of groundwater use. Just as in the case of air and TRI 
chemicals, there are no apparent parallel regional trends between infant mortality and drinking 
water violations.  
When the infant mortality equation is estimated with the endogenous water variable 
(drinking water violations), results are a little different from the two earlier presented models. All 
regional dummy variables are significant and positive in sign, indicating that the New England 
and the Mideast region (the excluded dummy variable) has the lowest infant mortality rate (Table 
4.7a). However, according to the data, the mean IMR is lowest in the Far West region. It could 
not be expected that regression estimates would follow the patterns derived from the mean data. 
The SE dummy variable continues to have the largest magnitude parameter estimate for the 
infant mortality rate.  
For the drinking water violations equation, all regions have negative and significant 
parameter estimates, except the Rocky Mountains, which is not significant. The New England 
and the Mideast region is again predicted to have the greatest number of violations, followed by 
the Plains region (smallest in magnitude parameter estimate), the Southeast, the Great Lakes, the 
Southwest, and the Far West. According to the data in Tables 4.4a – 4.4g, the Plains region has 
the highest number of violations, while the SW and the FW are ranked the lowest in the mean 
number of violations. 
For the income equation in the water model, the Far West region has a positive and 
significant coefficient, while in the Rocky Mountains region per capita income is predicted to be 
lower than the excluded group, the NE_ME region. All other regional dummy variables in the 
income equation of the water model are not significant.  
 
Section 4: Synthesis of results 
The three different models of infant mortality, pollution, and income equations 
demonstrate that income and infant mortality are mutually related, where each variable 
influences the other: counties with higher per capita incomes have lower infant mortality rates 
and vice-versa. In addition, income and three different pollution measures are mutually related in 
two-way direction: higher per capita income counties tend to have higher pollution and vice-
versa. However, the evidence of interaction between infant mortality and pollution is available 
only for the TRI chemical releases model, where greater chemical releases are associated with 
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higher infant mortality. It is hypothesized that the effect of per capita income on infant mortality 
is  the ef ir polluti er qualit ns, and, therefore, these two 
iables nev  out signif heir resp els.  
 The case of TRI releases model is worth a closer ex on. For urposes 
it may be establis  is pos  associated with chemical re ecause the 
turning point is so low  U-shape tween TRI releases and income. Thus, higher 
ssociated ter T ease  infant  
infant mortality rate, in has a ne tion with per capita i  greater 
chemical releases allow more income to be generated.  
Two different effects of pollutio ortali be identified. First, there is a 
direct effect of pollution (TRI releases) on infant mortality, which arises because of the increased 
irth defe utable to forms of p . Second, t effect of 
pollution acts through increasing per capita income: higher pollution is correlated with greater 
income, which in  i n the f the TRI lasticity of 
infant mortality with re  TRI che uld he e direct effect of pollution. 
ity of income with 
respect to TRI releases, it is possible to identify the total indirect effect of pollution. The direct 
effect elasticity is calculated to be equal to 0.0124, whereas the elasticity for the indirect effect is 
equal to -0.0561. Thus, it appears that the indirect effect dominates and that it is reasonable that 
aggregate county-level estimates of health effects from pollution may actually show a negative 
relationship between pollution and infant mortality, i.e. greater pollution levels would be 
associated with lower infant mortality rates. Regression estimates for air pollution and drinking 
water violations models’ infant mortality equations have non-significant coefficients for 
pollution measures. It is possible that the lack of significance arises precisely because of the 
mechanism of direct and indirect pollution effects on infant mortality described above, where 
income is a more crucial determinant of infant mortality than pollution. 
 stronger than
r
fects of a on or wat y violatio
pollution va er come icant in t ective mod
aminati  all practical p
hed that income i ytivel leases b
 for the d curve be
income is a with grea RI rel chemical s but lower   rate. Themortality
 turn, gative correla ncome, while
n on infant m ty may 
likelihood of b cts attrib various ollution  an indirec
turn, may lower nfant mortality. I case o model, e
spect to m oicals w lp identify th
By adding the elasticity of the IMR with respect to income to the elastic
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Table 4.1 Factor Analysis Results 
Type of the 
Model 
Group 1 Group 2 Group 3 Group 4 
Air Model RACE 
RACE2 
ED 
N 
I
I2
 
A
 
INCAREA 
PO S 
RELBW 
MARRIUN
TEE
GIN 2 
I GIN
PC  
AG
URB N 
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RISK
PDEN
ANUF 
VICSER ES 
AA  
T E 
RACE2 
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PO O
CONS
A
 
INCAREA 
 
 
SERVICES 
PO S 
AN
GIV
VI
RE
RI Model RAC
U
TEEN 
PGR WTH 
GFIRM R 
TR 
I GIN
GINI2 
URB N 
EDUC
AGE 
RISK
PCI2 
OWN
PDEN
M UF 
O E 
SER CES 
A A 
W
E2 
W 
ARRIED 
TEEN 
I2
I
I2
PO O
D
A
 
SERVICES 
 
P S 
INCAREA 
AN
AR
PES
R
ater Model RACE 
RAC
LB
UNM
GIN  
GIN  
PC  
PGR WTH 
ME  
URB N 
EDUC
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OPDEN
M UF 
MF  
T 
A EA 
N e highest f listed  the gote: leading variable with th actor score is  first in roup 
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Table 4.2a. Means, Standard Deviations, Minima, and Maxima for rural, non-metro adjacent 
(remote) counties. 
 
Variable Counties Mean 
Standard 
Deviation Minimum Maximum
Infant mortality rate 653 7.493 7.342 0.000 54.100
TRI chemical releases index 
ons 1 1
ome 
t 
roup 18-44  1 1
missions -
ases -
e·TRI releases 1 1
 violations 
 score 1
ses 1 2 25
2 1 8
ent per capita 1 6
Prof. Shortage Area 
ncome squared 1
sq. mile 3
1 4
ravel 1 3
7.367 2.484 2.174 22.511
Transportation, Warehousing, 
Utilities (TWU) 653 5.501 2.018 1.650 26.049
Firm growth rate 653 12.309 14.926 -28.00 105.000
Agricultural sector 653 8.859 6.555 0.930 48.121
Large Farms (500+acres) 537 29.788 20.841 0.000 80.900
Water consumption 537 36.738 73.496 0.150 548.150
Groundwater use 537 58.040 35.681 0.000 100.000
Agricultural run-off index 537 1.331 0.615 0.000 2.000
TRI releases to water index 537 0.912 10.241 0.000 217.471
653 0.226 0.824 0.000 8.714
Air emissions index 653 0.315 0.344 0.008 4.538
Drinking water violati 537 7.835 2.638 0.021 60.000
Per capita inc 653 16.061 3.287 6.286 40.811
Low birthweigh 653 7.351 1.941 3.260 16.160
Unmarried mother 653 31.843 11.683 8.630 76.610
Teenage mother 653 6.227 2.981 0.800 16.400
Women in the age g 653 7.330 2.238 1.511 28.342
Trend in air e 653 -0.003 0.278 4.731 1.004
Trend in TRI rele 653 -0.005 0.671 11.72 3.751
Income·Air emissions 653 5.120 5.908 0.102 82.449
Incom 653 3.710 3.732 0.000 55.323
Income·Water 537 1.274 2.080 0.004 26.254
Non-cancer risk 653 1.198 1.105 0.033 3.450
Infectious disea 653 3.366 0.133 0.000 4.164
Crime rate 653 0.619 7.010 0.000 4.770
Medical paym 653 6.273 5.413 0.000 7.513
Health 653 0.294 0.456 0.000 1.000
Per capita i 653 2.687 1.331 0.395 6.655
Income per 653 3.818 3.960 0.075 5.695
Manufacturing 653 5.063 9.784 0.753 8.554
Means of T 653 8.400 4.386 9.950 8.215
Construction 653
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Table 4.2a. Means, Standard Deviations, Minima, and Maxima for rural, non-metro adjac
(remote) c
ent 
ounties (Continued). 
S
D M M
 
Variable Counties Mean 
tandard 
eviation inimum aximum
Local government 653 80 16 25 9.230 .516 .100 9.800
Unemployment rate 653 6 3 1 3
higher 12 5 4 4
73 45
7 29 24 25
48 8 28 8
tality - 1 -37 5
h 6 12 -2 8
3 2
13 16 172
20 16 5
d 6 0
32 19.252 
11 4 3 3
1 0 1 1
0
d and the Mideast 0
0 0
0 0 0.000 1
0 0 0.000 
0 0 0.000 
s 0 0
0 0
.526 .042 .625 3.033
Bachelor's degree or 653 .649 .436 .300 9.800
Homeownership rate 653 .770 6.536 .100 86.700
Ogive index 653 3.279 .992 .780 1.555
Services sector 653 .692 .154 .197 2.084
Trend in Infant Mor 653 1.736 0.178 .400 4.100
Population growt 653 .881 .754 2.43 9.981
Population density 653 3.218 .030 0.074 4.438
County area 653 .677 .476 1.830 .029
Ethnic diversity 653 .429 .665 0.441 4.960
Ethnic diversity square 653 .946 8.779 .002 30.206
Gini 653 .915 6.046 58.518
Gini squared 653 .199 .312 .706 4.244
Rural dummy 653 .000 .000 .000 .000
Urban dummy 653 0.000 0.000 .000 0.000
New Englan 653 0.034 0.181 .000 1.000
Great Lakes 653 0.121 .326 .000 1.000
Plains 653 .273 .446 .000
Southeast 653 .286 .452 1.000
Southwest 653 .123 .328 1.000
Rocky Mountain 653 0.126 .332 .000 1.000
Far West 653 0.038 .192 .000 1.000
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Table 4.2b. Means, Standard Deviations, Minima, and Maxima for rural, metro-adjacent 
counties. 
 
Variable Counties Mean 
Standard 
Deviation Minimum Maximum
Infant mortality rate 929 7.301 5.532 0.000 37.000
TRI chemical releases index 
ons 1 1
ome 
t 
1
roup 18-44  1 1
missions -
ases -
1 1
e·TRI releases 3 6
 violations 
 score 
ses 1 1 29
2 1 8
ent per capita 1 6
Prof. Shortage Area 
ncome squared 1
sq. mile 4
1 4
ravel 1 4
7.827 2.037 2.983 17.293
Transportation, Warehousing, 
Utilities (TWU) 929 5.228 1.614 0.808 17.197
Firm growth rate 929 13.462 15.071 -48.00 154.000
Agricultural sector 929 6.444 4.784 0.083 38.905
Large Farms (500+acres) 777 17.916 14.488 0.700 84.000
Water consumption 777 20.989 68.828 0.120 838.930
Groundwater use 777 53.363 34.026 0.000 100.000
Agricultural run-off index 777 1.565 0.548 0.000 2.000
TRI releases to water index 777 0.780 4.044 0.000 49.048
929 0.563 2.168 0.000 34.919
Air emissions index 929 0.516 0.688 0.007 10.324
Drinking water violati 777 8.057 4.692 0.049 66.667
Per capita inc 929 16.268 2.603 7.069 34.646
Low birthweigh 929 7.533 1.939 3.020 15.610
Unmarried mother 929 32.891 0.602 6.860 73.430
Teenage mother 929 6.482 2.770 0.900 15.700
Women in the age g 929 7.627 2.035 1.278 31.161
Trend in air e 929 0.019 0.304 5.579 1.806
Trend in TRI rele 929 0.121 1.943 16.58 32.480
Income·Air emissions 929 8.601 1.912 0.126 99.264
Incom 929 9.640 9.509 0.000 79.114
Income·Water 777 1.333 2.302 0.008 24.225
Non-cancer risk 929 1.521 0.972 0.000 9.550
Infectious disea 929 0.697 4.051 0.000 9.209
Crime rate 929 4.094 6.011 0.000 2.540
Medical paym 929 6.077 4.824 0.000 0.492
Health 929 0.256 0.437 0.000 1.000
Per capita i 929 2.714 0.909 0.500 2.003
Income per 929 6.635 6.221 0.040 6.133
Manufacturing 929 9.386 9.357 0.837 7.813
Means of T 929 7.975 3.630 9.697 3.280
Construction 929
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Table 4.2b. Means, Standard Deviations, Minima, and Maxima for rural, metro-adjacent counties 
(Continued). 
 
 Co M Deviation M  M
 
Variable unties ean 
Standard 
inimum aximum
Local government 929 76.718 16.978 23.900 099.90
Unemployment rate 4 1
er 0 0
0 0
1 8
8 0
rtality 0 0
2 5
9 9
3 7
1 8
ed 5 8
8 7
1 6
0 0
0 0
nd and the Mideast 0 0
0 0
0 0
0 0
0 0
ins 0 0
0 0
929 6.300 2.579 1.66 23.33
Bachelor's degree or high
ate 
929 11.235 4.580 3.70 53.50
Homeownership r 929 75.263 5.463 46.30 88.10
Ogive index 929 74.453 31.318 26.90 238.67
Services sector 
Mo
929 46.790 7.809 28.91 89.54
Trend in Infant 929 -2.611 8.379 -42.30 32.50
Population growth 929 10.835 12.567 -26.3 82.69
Population density 
County area 
929
929
5.189
9.729
4.142
12.989
0.03
1.09
26.08
181.58
Ethnic diversity 929 22.375 17.514 0.69 69.20
Ethnic diversity squar 929 8.070 9.723 0.00 47.89
Gini 929 34.417 5.782 18.38  61.99
Gini squared 929 12.179 4.091 3.38 38.43
Rural dummy 929 0.000 0.000 0.00 0.00
Urban dummy 929 0.000 0.000 0.00 0.00
New Engla 929 0.081 0.273 0.00 1.00
Great Lakes 929 0.172 0.378 0.00 1.00
Plains 929 0.127 0.333 0.00 1.00
Southeast 929 0.394 0.489 0.00 1.00
Southwest 929 0.135 0.341 0.00 1.00
Rocky Mounta 929 0.042 0.201 0.00 1.00
Far West 929 0.050 0.217 0.00 1.00
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Table 4.2c. Means, Standard Deviations, Minima, and Maxima for urban, metropolitan counties. 
 
Variable Counties Mean 
Standard 
Minimum Maximum Deviation
Infant mort 152 0ality rate 1018 7. 4.001 0.000 39.20
TRI chemical releases index 3
ght 
er 
roup 18-44  
ns -
 releases - -8
ions 12
4 3 100
e·Water violations 768
sk score 
ses 15
4 25 806
1 4
hortage Area 
ita income squared 2
 sq. mile 7 22 346
ing 1 4
1 7
on 1
ransportation, Warehousing, 
Utilities (TWU) 1018 5.417 1.739 1.902 18.530
Firm growth rate 1018 22.677 25.081 -13.000 230.000
Agricultural sector 1018 2.666 2.841 0.062 25.473
Large Farms (500+acres) 768 12.984 11.080 0.500 74.700
Water consumption 768 32.324 118.741 0.120 1804.540
Groundwater use 768 40.446 33.866 0.000 100.000
Agricultural run-off index 768 1.579 0.527 0.000 2.000
TRI releases to water index 768 1.284 5.675 0.000 75.558
1018 1.895 10.782 0.000 08.523
Air emissions index 1018 1.881 3.282 0.047 39.205
Drinking water violations 768 5.050 7.200 0.002 66.667
Per capita income 1018 20.084 4.464 9.899 44.962
Low birthwei 1018 7.371 1.487 4.010 13.470
Unmarried moth 1018 29.717 9.566 5.010 75.940
Teenage mother 1018 5.203 2.260 0.600 16.000
Women in the age g 1018 19.439 2.043 11.754 29.534
Trend in air emissio 1018 -0.015 0.883 8.478 8.861
Trend in TRI 1018 0.108 10.510 9.596 306.730
Income·Air emiss 1018 42.683 88.626 0.623 65.764
Income·TRI releases 1018 1.915 26.527 0.000 22.077
Incom 0.991 1.377 0.001 10.801
Non-cancer ri 1018 3.081 2.281 0.000 20.200
Infectious disea 1018 9.376 9.209 0.669 4.023
Crime rate 1018 0.503 2.619 0.000 7.000
Medical payment per capita 1018 3.152 4.856 0.000 6.781
Health Prof. S 1018 0.161 0.368 0.000 1.000
Per cap 1018 4.233 2.083 0.980 0.216
Income per 1018 5.286 5.666 0.147 5.409
Manufactur 1018 5.850 7.230 1.529 6.652
Means of Travel 1018 6.742 5.264 6.924 4.764
Constructi 1018 7.910 2.285 3.206 8.316
T
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Table 4.2c. Means, Standard Deviations, Minima, and Maxima for urban, metropolitan counties 
(Continued). 
 
Variable es n 
ard 
ti u xCounti  Mea
Stand
Devia on Minim m Ma imum 
Local government 16.359 .8001018 76.343 16.200 99
U 5.232 .71 13.7
B er .50 52.3
H .00 89.
O .265 .0 232
S 01 .8 83.9
T rtality .20 27.5
P 01 .003 .1 191
P 01 .359 .1 2544
C 01 8.901 .969 .1 201.
Ethnic diversity .913 .3 68.8
Ethnic diversity squared 9.531 .209 .01 47.3
Gini 1018 7.424 64.164
Gini squared 1018 17.582 6.395 4.969 41.170
Rural dummy 1018 0.000 0.000 0.000 0.000
Urban dummy 1018 1.000 0.000 1.000 1.000
New England and the Mideast 1018 0.135 0.341 0.000 1.000
Great Lakes 1018 0.167 0.373 0.000 1.000
Plains 1018 0.102 0.303 0.000 1.000
Southeast 1018 0.391 0.488 0.000 1.000
Southwest 1018 0.098 0.298 0.000 1.000
Rocky Mountains 1018 0.041 0.199 0.000 1.000
Far West 1018 0.066 0.248 0.000 1.000
nemployment rate 1018 1.954 1 1 72
achelor's degree or high 1018 16.770 8.038 4 0 00
omeownership rate 1018 72.576 8.878 27 0 6
.144
00
give index 1018 58.033 25 17 9
7
4 
ervices sector 
o
1 8 52.707 8.405 27 9 81
rend in Infant M 1018 -2.318 5.550 -31 0 00
opulation growth 
 
1 8 18.388 18 -12 18 .047
opulation density 1 8 39.355 116 0 38 .221
0ounty area 1 8 12 0 54 
3
53
1018 25.833 16 1 2 43
1018 10 0
22.291 
8 94
41.269
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Table 4.3. Comparison of the characteristics of the Health Professionals Shortage Area (HPSA
designated counties and non-designated
) 
 counties (non-HPSA). 
Va Coun an 
Standard 
tion
Standard 
v
 
riable ties Me Devia Counties Mean De iation
Designation Non-  counties PSA c  HPSA H ounties
Infant Mortality Rate 2006 .23 7 7. 67 5.0 594 49 .92
TRI chemical releases 2006 .21 4 0. 1.1 7.8 594 28 24
Air emissions index 2006 .18 8 0. 0.1 2.4 594 39 59
Drinking water violations 1597 .94 4 6 11.6 11.9 485 .71 98
Per capita income 2006 .45 1 15. 2.18 4.1 594 21 73
Low birthweight 2006 .25 9 8. 1.7 1.6 594 01 95
Teenage mother 2006 .49 0 7. 2.85 2.5 594 35 6
Unmarried mother 2006 .58 1 34 13.30 9.6 594 .11 02
Ethnic diversity 2006 .41 0 26 18.222 16.8 594 .06 4
Gini coefficient 2006 37.65 5 3 67.4 594 3.58 .82
Rural 2006 .23 2 0.32 00 0.4 594 .47
Urban 2006 .43 9 0.28 0 0.4 594 0.45
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Table 4.4a Descriptive Statistics (Means, Standard Deviations, Minima, and Maxima) for the 
New England and the Mideast region. 
 
Variable Counties Mean 
Standard 
Deviation Minimum Maximum 
Infant mortality rate 234 6.500 3.242 0.000 23.500
TRI chemical releases index 2 3
ons 
ome 
t 
roup 18-44 1
missions - -
mical releases -2 3
5 10 6
e·TRI releases 65 100
 violations 
ncer risk score 0.85 20.20
us Diseases 1 1.99 154.02
e rate 234 61.092 525.737 7.130 8067.000
Medical payment per capita 234 17.280 6.736 6.098 67.513
Health Prof. Shortage Area 234 0.021 0.145 0.000 1.000
Per capita Income squared 234 4.675 2.404 1.993 14.707
Income per sq.mile 234 122.430 333.186 0.425 3465.409
Manufacturing 234 15.126 6.059 1.529 43.983
Means of Travel 234 18.148 7.103 10.409 74.764
Construction 234 6.911 2.138 3.206 21.721
Transportation, Warehousing, 
Utilities (TWU) 234 4.844 1.398 2.388 11.536
Firm growth rate 234 6.513 8.602 -15.000 45.200
Agricultural sector 234 2.237 2.042 0.062 10.903
Large Farms 178 7.820 4.984 1.200 27.900
Water Consumption 178 8.358 12.685 0.400 93.860
Groundwater use 178 38.077 29.617 0.200 98.900
Agricultural run-off index 178 1.556 0.509 0.000 2.000
TRI releases to water 178 1.138 3.925 0.000 33.011
234 2.419 0.563 0.000 08.523
Air emissions index 234 2.232 4.624 0.037 39.205
Drinking water violati 178 7.476 7.652 0.117 42.912
Per capita inc 234 21.052 4.942 14.119 38.350
Low birthweigh 234 6.708 1.153 4.350 13.470
Unmarried mother 234 29.632 8.427 7.650 64.190
Teenage mother 234 3.534 1.417 0.600 8.800
Women in the age g 234 18.795 1.787 5.590 26.000
Trend in air e 234 0.259 1.063 8.478 1.750
Trend in TRI che 234 0.621 20.606 1.562 06.730
Income·Air emissions 234 1.784 0.687 0.528 57.659
Incom 234 66.534 8.987 0.000 22.077
Income·Water 178 1.475 1.553 0.031 9.176
Non-ca 234 3.152 2.593 6 0
Infectio 234 9.657 0.783 5 3
Crim
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Table 4.4a Descriptive Statistics (Means, Standard Deviations, Minima, and Maxima) for the 
New England and the Mideast region (Continued). 
Standard 
m um 
 
Variable Counties Mean Deviation Minimu  Maxim
Local government 234 82.979 14.201 26.500 0099.6
Unemployment rate 234 5.477 1.790 2.418 26
higher 0 00
0 00
9 02
1 81
tality 0 00
h 1 65
4 21
7 88
3 93
d 6 66
3 59
6 87
0 1
0 1
12.8
Bachelor’s degree or 234 18.899 7.725 7.30 49.9
Homeownership rate 234 71.491 7.857 27.10 85.2
Ogive index 234 64.113 23.687 25.18 229.0
Services sector 234 55.752 7.498 35.43 83.9
Trend in Infant Mor 234 -2.007 4.208 -16.30 14.2
Population growt 234 6.588 9.764 -14.95 65.5
Population density 234 65.549 209.126 0.39 2544.2
County area 234 8.199 7.068 0.44 68.2
Ethnic diversity 234 17.421 15.083 1.61 68.0
Ethnic diversity square 234 5.300 8.541 0.02 46.3
Gini 234 41.575 7.962 28.31 62.7
Gini squared 234 17.916 7.119 8.01 39.3
Rural 234 0.094 0.292
Urban 234 0.585 0.494
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Table 4.4b Descriptive Statistics (Means, Standard Deviations, Minima, and Maxima) for the 
Great Lakes region. 
 
Variable Counties Minimum Maximum Mean 
Standard 
Deviation
Infant mortality rate 409 0.000 33.500 6.694 4.264
TRI chemical releases index 
ons 1
ome 
t 
roup 18-44 1
missions -
mical releases -2
3 2 4
e·TRI releases 7 8
 violations 
ncer risk score 
us Diseases 2
e rate 409 0.000 96.500 20.954 18.824
Medical payment per capita 409 4.310 28.271 13.539 3.490
Health Prof. Shortage Area 409 0.000 1.000 0.139 0.347
Per capita Income squared 409 1.885 10.962 3.706 1.286
Income per sq.mile 409 0.231 722.432 30.102 69.907
Manufacturing 409 4.158 47.813 22.811 7.968
Means of Travel 409 6.924 33.894 14.774 3.262
Construction 409 3.923 12.347 6.915 1.604
Transportation, Warehousing, 
Utilities 409 2.037 16.468 5.103 1.657
Firm growth rate 409 -21.000 78.900 14.142 12.266
Agricultural sector 409 0.097 16.359 3.533 2.651
Large Farms 393 1.200 45.500 14.775 9.043
Water Consumption 393 0.200 178.290 7.680 15.559
Groundwater use 393 0.200 100.000 54.924 35.061
Agricultural run-off index 393 0.000 2.000 1.822 0.409
TRI releases to water 393 0.000 65.248 0.815 4.659
409 0.000 36.296 1.463 4.118
Air emissions index 409 0.072 19.271 1.198 1.927
Drinking water violati 393 0.087 20.000 6.415 8.947
Per capita inc 409 13.731 33.109 19.022 2.964
Low birthweigh 409 3.540 12.480 6.724 1.192
Unmarried mother 409 8.630 56.820 28.487 7.346
Teenage mother 409 0.900 12.000 4.545 1.602
Women in the age g 409 3.389 28.342 18.191 2.065
Trend in air e 409 5.579 8.861 0.014 0.707
Trend in TRI che 409 0.344 32.480 -0.034 2.819
Income·Air emissions 409 1.183 17.505 4.500 1.376
Incom 409 0.000 12.823 29.294 0.955
Income·Water 393 0.013 19.694 1.194 1.579
Non-ca 409 0.276 9.760 1.792 1.352
Infectio 409 0.000 8.718 7.107 3.992
Crim
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Table 4.4b Descriptive Statistics (Means, Standard Deviations, Minima, and Maxima) for the 
Great Lakes region (Continued). 
M m m
Standard 
 
Variable Counties inimu Maximu  Mean Deviation
Local government 409 46.900 00  99.8 88.200 10.370
Unemployment rate 409 2.056 15  
higher 0 00  
0 00  
3 78  
8 03  
tality 0 00  
h 1 50  
9 44  
3 15  
3 71  1
d 2 26  
6 58  
6 15  
0 00  
0 00  
14.8 5.309 1.902
Bachelor's degree or 409 4.90 41.9 12.816 5.687
Homeownership rate 409 52.60 88.0 76.128 5.872
Ogive index 409 35.49 238.6 80.086 32.741
Services sector 409 28.91 72.2 46.861 7.581
Trend in Infant Mor 409 -25.70 28.1 -2.483 6.272
Population growt 409 -11.70 67.7 8.605 9.806
Population density 409 0.20 328.8 17.371 35.038
County area 409 1.48 37.4 6.789 4.430
Ethnic diversity 409 1.49 60.2 11.579 0.296
Ethnic diversity square 409 0.02 36.3 2.398 4.605
Gini 409 25.58 59.2 40.667 5.905
Gini squared 409 6.54 35.1 16.886 4.971
Rural 409 0.00 1.0 0.193 0.395
Urban 409 0.00 1.0 0.416 0.493
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Table 4.4c Descriptive Statistics (Means, Standard Deviations, Minima, and Maxima) for the 
Plains region. 
 
Variable Counties Mean 
Standard 
Deviation Minimum Maximum 
Infant mortality rate 400 6.340 5.857 0.000 36.400
TRI chemical releases index 
ons 1 1
ome 
t 
roup 18-44 1 1
missions -
mical releases -1
1 2 2
e·TRI releases 3 3
 violations 
ncer risk score 1
us Diseases 1 2 29
e rate 400 19.248 16.509 0.000 83.180
Medical payment per capita 400 14.957 4.902 5.400 46.781
Health Prof. Shortage Area 400 0.215 0.411 0.000 1.000
Per capita Income squared 400 3.133 1.088 0.395 9.560
Income per sq.mile 400 13.721 48.434 0.105 569.863
Manufacturing 400 16.122 7.395 0.807 44.318
Means of Travel 400 16.785 3.673 8.073 35.200
Construction 400 6.902 1.756 2.862 13.754
Transportation, Warehousing, 
Utilities 400 5.520 2.027 1.638 26.049
Firm growth rate 400 13.005 13.061 -32.000 88.400
Agricultural sector 400 7.621 5.485 0.227 28.822
Large Farms 390 28.744 18.015 2.700 80.000
Water Consumption 390 19.421 47.144 0.370 281.650
Groundwater use 390 63.563 33.486 0.000 100.000
Agricultural run-off index 390 1.659 0.496 0.000 2.000
TRI releases to water 390 0.098 0.735 0.000 11.006
400 0.405 1.565 0.000 16.969
Air emissions index 400 0.566 1.102 0.031 11.532
Drinking water violati 390 9.769 3.846 0.012 60.000
Per capita inc 400 17.456 2.926 6.286 30.919
Low birthweigh 400 6.194 1.288 3.260 12.390
Unmarried mother 400 27.245 9.381 10.110 76.370
Teenage mother 400 4.139 1.971 0.900 13.900
Women in the age g 400 7.514 2.498 2.445 28.152
Trend in air e 400 0.023 0.252 2.731 1.995
Trend in TRI che 400 -0.156 1.344 5.345 3.749
Income·Air emissions 400 1.398 6.891 0.217 71.419
Incom 400 7.894 1.124 0.000 99.372
Income·Water 390 1.657 2.329 0.002 26.254
Non-ca 400 1.181 1.789 0.060 6.500
Infectio 400 4.031 5.798 0.000 9.209
Crim
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Table 4.4c Descriptive Statistics (Means, Standard Deviations, Minima, and Maxima) for the 
Plains region (Continued). 
s  
 
Variable Countie Mean
Standard 
Deviation Minimum Maximum 
Local government 400 8 13 31 95.281 .415 .200 9.900
Unemployment rate 400 4.718 2 1 3
 higher 1 5 5 4
7 45
24 25 21
4 7 30 8
rtality -3 2
th 11 -11 6
23 30
6 68
10 5
iversity squared 400 2.579 5.168 0.002 33.010
20.792 
4
0 0.000 
0 0.000 
.634 .664 3.033
Bachelor's degree or 400 3.826 .689 .800 4.000
Homeownership rate 400 3.778 6.989 .100 87.100
Ogive index 400 67.095 .022 .827 6.857
Services sector 400 8.996 .597 .081 2.084
Trend in Infant Mo 400 -2.233 9.156 7.400 9.900
Population grow 400 6.946 .544 .927 6.294
Population density 400 7.971 .782 0.102 0.373
County area 400 8.689 .733 1.557 .599
Ethnic diversity 
Ethnic d
400 11.821 .883 0.441 7.454
Gini 400 37.198 6.314 58.863
Gini squared 400 14.235 4.885 .323 34.648
Rural 400 0.445 .498 1.000
Urban 400 0.260 .439 1.000
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Table 4.4d Descriptive Statistics (Means, Standard Deviations, Minima, and Maxima) for the 
outheast region. 
Variable Counties Mean 
Standard 
Deviation Minimum Maximum 
S
 
Infant mortality rate 951 8.673 0.000 39.2005.848
TRI chemi s index 0  
 
ions 1 1
other 
 
8-44 
ns 
-8
ions 12
16
e·Water violations 
k score 
us Diseases 9
ate 2 2 9
edical payment per capita 951 15.749 5.333 0.000 36.039
Health Prof. Shortage Area 951 0.299 0.458 0.000 1.000
Per capita Income squared 951 2.926 1.520 0.927 14.217
Income per sq.mile 951 28.414 148.058 0.626 2621.422
Manufacturing 951 19.679 9.017 1.932 48.554
Means of Travel 951 17.646 3.913 9.166 43.280
Construction 951 8.370 2.274 3.512 18.316
Transportation, Warehousing, 
Utilities 
951 5.457 1.717 1.902 18.530
Firm growth rate 951 19.882 23.538 -48.000 230.000
Agricultural sector 951 4.380 3.759 0.155 29.383
Large Farms 731 12.901 11.703 0.000 74.700
Water Consumption 731 14.839 43.334 0.120 560.220
Groundwater use 731 47.535 35.268 0.000 100.000
Agricultural run-off index 731 1.560 0.505 0.000 2.000
TRI releases to water 731 1.407 6.441 0.000 79.604
cal release 951 1.05 3.957 0.000 90.589
Air emissions index 951 1.060 2.138 0.101 33.624
Drinking water violat 731 5.881 2.192 0.002 66.667
Per capita income 951 16.685 3.777 9.629 37.706
Low birthweight 951 8.705 1.670 4.400 16.000
Unmarried m 951 35.453 12.059 11.010 76.610
Teenage mother 951 7.508 2.565 1.200 16.400
Women in the age group 1 951 18.809 2.084 11.278 29.534
Trend in air emissio 951 0.056 0.589 -6.306 2.923
Trend in TRI chemical 
releases 
951 -0.068 3.655 9.596 35.161
Income·Air emiss 951 21.871 70.379 1.311 65.764
Income·TRI releases 951 19.059 72.540 0.000 07.324
Incom 731 0.964 1.916 0.001 24.225
Non-cancer ris 951 2.455 1.518 0.000 13.450
Infectio 951 9.985 8.919 0.000 3.260
Crime r 951 8.979 1.098 0.000 8.340
M
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Table 4.4d Descriptive Statistics (Means, Standard Deviations, Minima, and Maxima) for the 
Southeast region (Continued). 
 
Counti M
Standard 
Dev  M  M  Variable es ean iation inimum aximum
Local government 9 4 0 051 68.032 17.20 16.20 99.70
Unemployment rate 9 7 1 4
r higher 9 1 0 0
te 9 6 0 0
9 3 1 5
9 0 9 0
9 4 0 0
9 7 4 1
9 2 7 5
9 1 4 2
9 8 8 8
9 7 8 8
9 9 8 4
9 4 1 0
9 8 0 0
9 0 9 4
51 6.327 2.46 1.71 18.00
Bachelor's degree o 51 11.705 6.23 3.70 52.30
Homeownership ra 51 74.963 7.28 27.00 88.80
Ogive index 51 71.085 32.16 20.75 251.55
Services sector 51 47.275 8.70 27.87 82.98
Trend in Infant Mortality 51 -2.340 8.47 -38.50 32.50
Population growth 51 15.134 15.47 -22.43 123.23
Population density 51 15.617 49.89 0.51 832.59
County area 51 5.624 3.12 0.15 37.37
Ethnic diversity 51 29.912 17.74 0.86 69.20
Ethnic diversity squared 51 12.094 10.42 0.00 47.89
Gini 51 34.242 7.07 18.38 61.90
Gini squared 51 12.226 5.28 3.38 38.32
Rural 51 0.197 0.39 0.00 1.00
Urban 51 0.000 1.00 0.41 0.49
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Table 4.4e Descriptive Statistics (Means, Standard Deviations, Minima, and Maxima) for the 
Southwest region. 
 
Variable Counties Mean 
Standard 
Deviation Minimum Maximum 
Infant mortality rate 305 6.800 6.446 0.000 54.100
TRI chemical releases index 
ons 1 1
ome 
t 
roup 18-44 1 1
missions -
mical releases -
2 1
e·TRI releases 4 4
 violations 
ncer risk score 2
us Diseases 1 1 13
e rate 305 32.015 15.507 0.000 89.380
Medical payment per capita 305 15.709 4.755 4.201 29.809
Health Prof. Shortage Area 305 0.334 0.473 0.000 1.000
Per capita Income squared 305 2.659 1.284 0.500 12.003
Income per sq.mile 305 13.735 43.852 0.075 468.067
Manufacturing 305 10.724 5.829 1.008 29.678
Means of Travel 305 18.432 3.457 11.047 31.463
Construction 305 8.227 2.206 2.174 16.202
Transportation, Warehousing, 
Utilities 305 5.743 1.758 0.808 13.898
Firm growth rate 305 14.669 19.196 -25.000 100.000
Agricultural sector 305 8.563 7.153 0.083 48.121
Large Farms 190 31.248 20.255 2.000 80.600
Water Consumption 190 45.979 90.488 1.180 554.220
Groundwater use 190 57.498 34.241 0.200 100.000
Agricultural run-off index 190 1.121 0.494 0.000 2.000
TRI releases to water 190 0.434 2.482 0.000 22.493
305 0.578 2.229 0.000 19.291
Air emissions index 305 0.583 1.020 0.008 8.800
Drinking water violati 190 5.310 7.419 0.044 60.000
Per capita inc 305 15.946 3.412 7.069 34.646
Low birthweigh 305 7.374 1.129 4.010 11.930
Unmarried mother 305 33.552 8.280 10.730 67.620
Teenage mother 305 7.950 2.104 1.200 16.000
Women in the age g 305 7.646 2.318 1.511 28.211
Trend in air e 305 0.003 0.386 3.847 1.004
Trend in TRI che 305 -0.057 0.897 7.784 4.333
Income·Air emissions 305 10.664 1.761 0.102 98.913
Incom 305 10.450 2.262 0.000 13.499
Income·Water 190 0.812 2.485 0.008 22.838
Non-ca 305 1.318 1.857 0.033 0.000
Infectio 305 4.026 5.621 0.000 5.699
Crim
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Table 4.4e Descriptive Statistics (Means, Standard Deviations, Minima, and Maxima) for the 
Southwest region (Continued). 
M
S
D
 
Variable Counties ean 
tandard 
eviation Minimum Maximum 
Local government 305 75 14. 35. 9.414 399 000 8.700
Unemployment rate 305 6 2. 1. 2
higher 13 5. 5. 5
73 6. 45. 8
5 25. 26 24
51 7. 31. 8
tality - 8. -30. 5
h 14 17. -26. 86
23. 0 24
15 20. 1 186
36 11. 7 6
d 14 8 0.
33 6 19.997 
11 4. 3. 38
0 0. 0.000 
0 0.000 
.623 803 819 1.840
Bachelor's degree or 305 .422 982 600 3.500
Homeownership rate 305 .271 805 600 7.700
Ogive index 305 8.077 812 .458 7.888
Services sector 305 .985 180 069 9.540
Trend in Infant Mor 305 1.948 085 300 4.100
Population growt 305 .530 697 318 .215
Population density 305 8.713 569 .078 4.222
County area 305 .963 016 .093 .612
Ethnic diversity 305 .592 404 .311 5.647
Ethnic diversity square 305 .686 .177 534 43.095
Gini 305 .045 .509 61.997
Gini squared 305 .342 841 999 .436
Rural 305 .262 441 1.000
Urban 305 0.328 .470 1.000
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Table 4.4f Descriptive Statistics (Means, Standard Deviations, Minima, and Maxima) for the 
Rocky Mountains region. 
 
Variable Counties Mean 
Standard 
Deviation Minimum Maximum
Infant mortality rate 163 6.544 6.327 0.000 40.000
TRI chemical releases index 
ons 
ome 
t 
roup 18-44 1 1
missions -
mical releases -
3 3
e·TRI releases 3 4
 violations 
ncer risk score 1
us Diseases 1 2 15
e rate 163 25.446 15.532 0.000 77.360
Medical payment per capita 163 10.801 4.651 1.614 31.046
Health Prof. Shortage Area 163 0.288 0.454 0.000 1.000
Per capita Income squared 163 3.463 2.413 1.046 16.655
Income per sq.mile 163 11.826 58.873 0.090 689.192
Manufacturing 163 7.720 5.585 0.753 31.238
Means of Travel 163 21.059 4.762 10.441 38.215
Construction 163 8.901 3.221 3.511 22.511
Transportation, Warehousing, 
Utilities 163 5.602 2.190 2.262 14.444
Firm growth rate 163 34.410 29.503 -5.100 195.000
Agricultural sector 163 10.385 7.557 0.522 32.654
Large Farms 119 38.417 20.652 5.700 84.000
Water Consumption 119 99.881 104.141 0.120 557.590
Groundwater use 119 20.764 25.264 0.200 99.800
Agricultural run-off index 119 0.723 0.450 0.000 1.000
TRI releases to water 119 0.170 1.170 0.000 11.258
163 0.326 1.906 0.000 21.224
Air emissions index 163 0.392 1.344 0.016 15.857
Drinking water violati 119 7.934 7.976 0.217 48.077
Per capita inc 163 17.888 5.146 10.229 40.811
Low birthweigh 163 7.275 1.918 3.020 16.160
Unmarried mother 163 24.133 9.949 5.010 64.120
Teenage mother 163 4.691 1.976 0.700 9.900
Women in the age g 163 7.913 2.817 2.674 31.161
Trend in air e 163 -0.034 0.444 3.012 0.900
Trend in TRI che 163 0.100 0.995 2.044 11.073
Income·Air emissions 163 8.242 2.152 0.218 82.158
Incom 163 6.172 7.409 0.000 28.512
Income·Water 119 1.409 1.666 0.034 9.835
Non-ca 163 1.677 1.582 0.000 1.900
Infectio 163 5.530 0.758 1.499 9.795
Crim
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Table 4.4f Descriptive Statistics (Means, Standard Deviations, Minima, and Maxima) for the 
Rocky Mountains region (Continued). 
C M
S
D M M
 
Variable ounties ean 
tandard 
eviation inimum aximum
Local government 1 82 14 39 963 .698 .771 .600 9.200
Unemployment rate 1 5 2 1 15
higher 1 18 7 8 49
16 72 6 51 8
1 5 23 1 15
1 53 7 34 7
tality 1 - 10 -4 4
h 1 23 25 -10 191
1 30 35
1 26 18 104
1 18 12 53
d 1 0
1 37 23.900 
16 14 6 5 39
1 0 0 0.000 
1 0 0 0.000 
63 .854 .573 .625 .733
Bachelor's degree or 63 .199 .896 .700 .800
Homeownership rate 3 .251 .858 .500 9.600
Ogive index 63 6.834 .947 7.094 6.340
Services sector 63 .116 .816 .495 2.093
Trend in Infant Mor 63 2.064 .324 2.300 0.000
Population growt 63 .709 .915 .681 .047
Population density 63 6.470 .430 0.088 7.975
County area 63 .740 .913 1.549 .912
Ethnic diversity 63 .125 .193 1.957 .451
Ethnic diversity square 63 4.763 6.382 .038 28.570
Gini 63 .656 7.840 62.944
Gini squared 3 .791 .473 .712 .619
Rural 63 .503 .502 1.000
Urban 63 .258 .439 1.000
 
76 
Table 4.4g Descriptive Statistics (Means, Standard Deviations, Minima, and Maxima) for the Far 
West region. 
 
Variable Counties Mean 
Standard 
Deviation Minimum Maximum
Infant mortality rate 138 5.604 3.510 0.000 20.400
TRI chemical releases index 
ons 
ome 
t 
roup 18-44 1
missions -
mical releases -
3
e·TRI releases 2 2
 violations 
ncer risk score 1
us Diseases 2
Crime rate 138 36.546 12.923 7.750 76.230
Medical payment per capita 138 13.456 3.616 4.563 22.531
Health Prof. Shortage Area 138 0.094 0.293 0.000 1.000
Per capita Income squared 138 4.087 2.385 1.753 20.216
Income per sq.mile 138 41.383 116.284 0.040 937.091
Manufacturing 138 10.279 4.651 0.994 27.465
Means of Travel 138 21.152 4.988 11.989 53.269
Construction 138 7.314 1.862 3.180 15.925
Transportation, Warehousing, 
Utilities 138 4.930 1.383 1.650 9.709
Firm growth rate 138 15.420 15.696 -16.000 84.700
Agricultural sector 138 7.236 6.350 0.193 28.521
Large Farms 81 19.028 17.198 0.600 73.800
Water Consumption 81 213.738 324.735 1.290 1804.540
Groundwater use 81 29.601 22.009 1.300 87.400
Agricultural run-off index 81 0.802 0.459 0.000 2.000
TRI releases to water 81 4.816 24.718 0.000 217.471
138 0.328 0.999 0.000 9.514
Air emissions index 138 0.810 1.440 0.007 9.414
Drinking water violati 81 5.329 5.476 0.023 29.870
Per capita inc 138 19.642 4.798 13.239 44.962
Low birthweigh 138 5.728 1.013 3.770 11.330
Unmarried mother 138 30.682 6.575 14.070 53.010
Teenage mother 138 5.173 1.595 1.500 8.600
Women in the age g 138 17.735 2.615 2.202 27.688
Trend in air e 138 -0.023 0.289 2.260 0.499
Trend in TRI che 138 -0.027 0.649 4.017 3.204
Income·Air emissions 138 19.508 41.746 0.126 25.310
Incom 138 7.396 2.762 0.000 15.073
Income·Water 81 0.944 0.957 0.005 5.418
Non-ca 138 2.743 1.957 0.000 1.000
Infectio 138 8.161 4.634 0.000 6.303
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Table 4.4g Descriptive Statistics (Means, Standard Deviations, Minima, and Maxima) for the Far 
est region (Continued). 
 
Counties Mean 
S
Deviation Minimum Maximum
W
Variable 
tandard 
Local government 76 9.7 52.30 95.100138 .778 26 0 
Unemployment rate 138 8 2.7 2.97 18.783
r higher 17 7. 7.20 44.000
66 6. 35.00 79.000
50 20.9 26.90
55 7.1 36.13 74.812
rtality -2 6. -31.30 20.400
19 15. -21.68 85.548
20 48. 0.03
31 32. 2.31
31 16. 4.32 68.843
12 12. 0.18 47.394
39 7. 26.701 64.164
16 6. 7.13 41.170
0 0. 0.000 1.000
0 0. 0.000 1.000
.033 18 4 
Bachelor's degree o 138 .272 154 0 
Homeownership rate 138 .541 971 0 
Ogive index 138 .150 95 1 206.122
Services sector 
o
138 .339 23 8 
Trend in Infant M 138 .790 185
2
0 
Population growth 138 .931 52 3 
Population density 138 .216 875
7
9 334.919
County area 138 .043 01 9 201.053
Ethnic diversity 
rsity squared 
138 .320 498
1
7 
Ethnic dive 138 .511 40 7 
Gini 138 .550 556
4Gini squared 138 .209 62 0 
Rural 
Urban 
138
138
.181
.486
387
502
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Table 4.5a Parameter estimates for the TRI releases Model – Infant Mortality Equation. 
ble 
ra
stim
anda
Erro
itical 
e o  > |t| 
 
Varia
Pa
E
meter 
ate 
St rd 
r 
Cr
Valu f t Prob
Sample size – 2600 counties 
Intercept 2.59 1.640 .113 9 1.590 0
TRI chemical releases index 0.09 0.028 .001 
e -0.02 0.016 .630 .104 
 -0.00 0.001 .500 .133 
t 0.45 0.093 .000 
ther 0.02 0.020 .196 
-0.028 0.089 -0.310 0.757 
 18-44 0.03 0.053 .485 
re -0.08 0.083 .050 .292 
0.01 0.008 .185 
r capita -0.01 0.238 .080 .938 
0.00 0.000 .424 
tage Area -0.08 0.053 .620 .106 
 in TRI releases 0.03 0.035 .359 
wth -0.00 0.008 .870 .385 
tion density 0.00 0.001 .509 
 area 0.00 0.002 .333 
ity 0.01 0.010 .168 
0.01 0.027 .472 
0.05 0.053 .304 
0.01 0.054 .801 
0.20 0.144 .147 
0.13 0.143 .332 
0.284 0.119 2.400 0.017 
0.160 0.430 0.670 
Rocky Mountains -0.018 0.118 -0.160 0.877 
Far West -0.244 0.142 -1.710 0.087 
Adjusted R-squared: 0.685 
0 3.210 0
Per capita incom 6 -1 0
Income·TRI releases 2 -1 0
Low birthweigh 1 4.850 0
Unmarried mo 5 1.290 0
Teenage mother 
Women in the age group  7 0.700 0
Non-cancer risk sco 7 -1 0
Infectious diseases 1 1.330 0
Medical Payment pe 9 -0 0
Crime rate 0 0.800 0
Health Prof. Shor 5 -1 0
Trend 2 0.920 0
Population gro 7 -0 0
Popula 1 0.660 0
County 2 0.970 0
Ethnic divers 4 1.380 0
Gini 9 0.720 0
Rural 5 1.030 0
Urban 4 0.250 0
Great Lakes 9 1.450 0
Plains 9 0.970 0
Southeast 
Southwest 0.068
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Table 4.5b Parameter estimates for the TRI releases Model – Pollution Equation. 
Va
Param
Estim
n
rro
Cri
Val ro
 
riable 
eter 
ate 
Sta
E
dard 
r 
tical 
ue of t P b > |t| 
Sample size – 2600 counties 
Intercept 63.73 5.5 11. 0.000 9 09 570
Per capita income -0.51 0.0 -18.3 0.0
0.177 0.0 21.9 0.0
-0.022 0.0 -10.8 0.0
0.03 0.0 5 0.000 
0.103 0.0 4. 0.000 
n, 
ing, Utilities 0.00 0.0 0.2 0.7
-0.001 0.0 -0.2 0.8
-0.01 0.0 -2 0.0
0.06 0.0 13.8 0.0
0.002 0.0 0.8 0.3
-0.00 0.0 -0.7 0.4
0.240 0.043 5.600 0.000 
Gini squared -0.318 0.054 -5.870 0.000 
Rural -0.055 0.059 -0.940 0.348 
Urban 0.133 0.058 2.270 0.023 
Great Lakes -16.060 1.324 -12.130 0.000 
Plains -66.674 5.447 -12.240 0.000 
Southeast -14.693 1.261 -11.660 0.000 
Southwest -31.676 2.629 -12.050 0.000 
Rocky Mountains -39.661 3.305 -12.000 0.000 
Far West -84.510 6.900 -12.250 0.000 
Adjusted R-squared: 0.330 
8 28 70 00 
Income squared 08 80 00 
Income per sq.mile 02 20 00 
Manufacturing 1 06 .140
Construction 22 620
Transportatio
Warehous 6 21 70 84 
Firm Growth Rate 03 10 30 
Population Growth 0 04 .640 08 
Population density 6 05 10 00 
County area 02 70 82 
Ethnic diversity 3 03 90 31 
Gini 
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Table 4.5c Parameter estimates for the TRI releases Model – Income Equation. 
 
Variable 
Parameter 
Estimate 
Standard 
Error 
Critical 
Value of t Prob > |t| 
Sample size – 2600 counties 
Intercept 17.411 1.049 16.600 0.000 
Infant Mortality Rate -0.307 0.165 -1.860 0.063 
TRI chemical releases index 0.124 0.031 3.940 0.000 
Local government 0.007 0.002 3.010 0.003 
Unemployment rate -0.311 0.017 -18.030 0.000 
Bachelor's degree or higher 0.264 0.009 29.030 0.000 
Ogive index -0.013 0.001 -11.280 0.000 
Services -0.013 0.006 -2.100 0.036 
Homeownership rate 0.042 0.006 6.590 0.000 
Agricultural employment -0.091 0.008 -11.640 0.000 
Trend in TRI releases -0.005 0.005 -1.120 0.265 
Trend in infant mortality 0.030 0.018 1.710 0.087 
Population growth -0.003 0.003 -1.070 0.283 
Population density 0.005 0.000 10.180 0.000 
County area 0.000 0.002 -0.060 0.953 
Ethnic diversity 0.029 0.008 3.580 0.000 
Ethnic diversity squared -0.065 0.013 -4.930 0.000 
Gini -0.295 0.033 -9.090 0.000 
Gini squared 0.632 0.041 15.390 0.000 
Rural 0.106 0.063 1.690 0.091 
Urban -0.029 0.064 -0.460 0.648 
Great Lakes -0.270 0.200 -1.350 0.178 
Plains -1.207 0.221 -5.470 0.000 
Southeast -0.387 0.139 -2.770 0.006 
Southwest -1.125 0.263 -4.280 0.000 
Rocky Mountains -0.830 0.139 -5.960 0.000 
Far West 0.737 0.165 4.480 0.000 
Adjusted R-squared: 0.994 
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Table 4.6a Parameter estimates for the Air Pollution Model – Infant Mortality Equation. 
 
Variable 
Parameter 
Estimate 
Standard 
Error 
Critical 
Value of t Prob>|t| 
Sample size - 2600 counties 
Intercept 1.983 1.625 1.220 0.223 
Air emissions index -0.003 0.006 -0.410 0.680 
Per capita income -0.031 0.018 -1.770 0.076 
Income*Air emissions 0.000 0.003 0.060 0.953 
Low birthweight 0.457 0.092 4.960 0.000 
Unmarried Mother 0.033 0.020 1.710 0.088 
Teenage Mother -0.032 0.089 -0.360 0.720 
Women in the age group 18-44 0.042 0.053 0.800 0.422 
Non-cancer risk score -0.028 0.081 -0.350 0.726 
Infectious diseases 0.009 0.008 1.160 0.246 
Medical Payment per capita -0.003 0.024 -0.120 0.905 
Crime Rate 0.000 0.000 0.690 0.492 
Health Prof. Shortage Area -0.106 0.054 -1.970 0.049 
Trend in air emissions -0.030 0.040 -0.740 0.456 
Population growth -0.008 0.008 -1.020 0.307 
Population density 0.000 0.002 -0.020 0.988 
County Area 0.001 0.002 0.610 0.540 
Ethnic Diversity 0.012 0.010 1.190 0.233 
Gini 0.026 0.027 0.980 0.329 
Rural 0.044 0.055 0.810 0.419 
Urban 0.035 0.056 0.630 0.527 
Great Lakes 0.287 0.141 2.030 0.043 
Plains 0.275 0.160 1.720 0.086 
Southeast 0.363 0.128 2.830 0.005 
Southwest 0.182 0.172 1.060 0.291 
Rocky Mountains 0.077 0.127 0.600 0.546 
Far West -0.121 0.148 -0.820 0.412 
Adjusted R-squared: 0.689 
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Table 4.6b Parameter estimates for the Air Pollution Model – Pollution Equation. 
 
Variable 
Parameter 
Estimate 
Standard 
Error 
Critical 
Value of t Prob > |t| 
Sample size - 2600 counties 
Intercept -4.041 0.622 -6.500 0.000 
Per capita income 0.258 0.045 5.780 0.000 
Income squared -0.073 0.013 -5.660 0.000 
Income per sq. mile 0.001 0.001 1.200 0.229 
Manufacturing 0.003 0.002 1.770 0.077 
Means of Travel -0.013 0.002 -5.810 0.000 
Population growth -0.001 0.000 -1.070 0.284 
Population density 0.035 0.001 32.400 0.000 
County Area -0.007 0.003 -2.920 0.004 
Ethnic Diversity 0.003 0.001 3.450 0.001 
Gini 0.041 0.010 4.030 0.000 
Gini squared -0.052 0.013 -4.080 0.000 
Rural -0.156 0.080 -1.940 0.052 
Urban 0.180 0.079 2.280 0.023 
Great Lakes 1.147 0.174 6.610 0.000 
Plains 11.224 1.854 6.060 0.000 
Southeast 3.073 0.472 6.510 0.000 
Southwest 7.435 1.222 6.090 0.000 
Rocky Mountains 33.738 5.715 5.900 0.000 
Far West 15.441 2.693 5.730 0.000 
Adjusted R-squared: 0.910 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
83 
Table 4.6c Parameter estimates for the Air Pollution Model – Income Equation. 
 
Variable 
Parameter 
Estimate 
Standard 
Error 
Critical 
Value of t Prob > |t| 
Sample size - 2600 counties 
Intercept 16.306 1.001 16.280 0.000 
Infant Mortality rate 0.134 0.128 1.040 0.297 
Air emissions index 0.044 0.007 6.490 0.000 
Local government 0.007 0.002 3.400 0.001 
Unemployment rate -0.320 0.017 -19.13 0.000 
Bachelor's degree or higher 0.265 0.009 30.210 0.000 
Ogive index -0.013 0.001 -11.10 0.000 
Services -0.015 0.006 -2.410 0.016 
Homeownership rate 0.042 0.006 6.730 0.000 
Agricultural employment -0.088 0.008 -11.28 0.000 
Trend in air emissions -0.044 0.045 -0.990 0.324 
Trend in Infant mortality -0.012 0.011 -1.100 0.273 
Population growth -0.001 0.003 -0.330 0.742 
Population density 0.003 0.001 5.890 0.000 
County Area 0.001 0.002 0.550 0.585 
Ethnic Diversity 0.026 0.008 3.290 0.001 
Ethnic Diversity squared -0.071 0.013 -5.390 0.000 
Gini -0.305 0.032 -9.470 0.000 
Gini squared 0.649 0.041 15.900 0.000 
Rural 0.123 0.063 1.970 0.049 
Urban -0.027 0.063 -0.430 0.666 
Great Lakes 0.138 0.162 0.860 0.392 
Plains -0.766 0.194 -3.950 0.000 
Southeast -0.163 0.127 -1.280 0.201 
Southwest -0.576 0.224 -2.570 0.010 
Rocky Mountains -0.879 0.132 -6.630 0.000 
Far West 0.790 0.160 4.930 0.000 
Adjusted R-Squared: 0.994 
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Table 4.7a Parameter estimates for the Water Model – Infant Mortality Equation. 
 
Variable 
Parameter 
Estimate 
Standard 
Error 
Critical 
Value of t Prob>|t| 
Sample size - 2082 counties 
Intercept 0.139 1.785 0.080 0.938 
Drinking water violations -0.315 0.233 -1.350 0.177 
Per capita income -0.055 0.019 -2.860 0.004 
Income*Drinking Water Viols. 1.048 0.745 1.410 0.160 
Low birthweight 0.507 0.109 4.650 0.000 
Unmarried Mother 0.062 0.023 2.680 0.007 
Teenage Mother -0.207 0.107 -1.930 0.054 
Women in the age group 18-44 0.019 0.057 0.330 0.742 
Non-cancer risk score -0.082 0.112 -0.730 0.468 
Infectious diseases 0.012 0.008 1.470 0.142 
Medical Payment per capita 0.015 0.025 0.590 0.555 
Crime Rate 0.005 0.008 0.680 0.496 
Health Prof. Shortage Area -0.108 0.054 -2.020 0.044 
Population growth -0.019 0.010 -1.960 0.050 
Population density 0.005 0.006 0.830 0.408 
County Area 0.000 0.003 -0.040 0.969 
Ethnic Diversity -0.003 0.012 -0.230 0.818 
Gini 0.089 0.028 3.180 0.002 
Rural 0.074 0.050 1.480 0.139 
Urban 0.068 0.052 1.300 0.195 
Great Lakes 0.496 0.179 2.770 0.006 
Plains 0.544 0.206 2.640 0.008 
Southeast 0.789 0.255 3.100 0.002 
Southwest 0.666 0.233 2.850 0.004 
Rocky Mountains 0.510 0.231 2.210 0.027 
Far West 0.596 0.275 2.160 0.031 
Adjusted R-squared: 0.700 
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Table 4.7b Parameter estimates for the Water Model – Pollution Equation. 
 
Variable 
Parameter 
Estimate 
Standard 
Error 
Critical 
Value of t Prob>|t| 
Sample size - 2082 counties 
Intercept -4.502 5.546 -0.810 0.417 
Per capita income 0.062 0.037 1.650 0.098 
Income squared 0.011 0.012 0.890 0.372 
Income per sq.mile -0.013 0.023 -0.560 0.579 
Manufacturing 0.085 0.035 2.390 0.017 
Agricultural sector 0.402 0.061 6.600 0.000 
Large farms 0.004 0.020 0.180 0.857 
Water consumption -0.006 0.002 -4.040 0.000 
Groundwater use 0.005 0.007 0.670 0.504 
Agricultural run-off -0.284 0.053 -5.360 0.000 
Chemical releases to water -0.031 0.018 -1.730 0.085 
Population growth 0.015 0.019 0.790 0.432 
Population density 0.002 0.046 0.040 0.969 
County area 0.003 0.003 1.040 0.301 
Ethnic diversity -0.013 0.019 -0.690 0.491 
Gini 0.457 0.293 1.560 0.120 
Gini squared -0.860 0.381 -2.260 0.024 
Rural -0.148 0.063 -2.350 0.019 
Urban -0.202 0.065 -3.110 0.002 
Great Lakes -0.447 0.121 -3.710 0.000 
Plains -0.289 0.178 -1.620 0.106 
Southeast -0.334 0.149 -2.240 0.025 
Southwest -0.651 0.203 -3.200 0.001 
Rocky Mountains -0.107 0.194 -0.550 0.580 
Far West -0.735 0.349 -2.110 0.035 
Adjusted R-squared: 0.366 
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Table 4.7c Parameter estimates for the Water Model – Income Equation. 
 
Variable 
Parameter 
Estimate 
Standard 
Error 
Critical 
Value of t Prob > |t| 
Sample size - 2082 counties 
Intercept 15.305 1.044 14.660 0.000 
Infant Mortality rate 0.225 0.182 1.240 0.216 
Drinking water violations 0.145 0.025 5.760 0.000 
Local government 0.004 0.002 1.960 0.050 
Unemployment rate -0.297 0.018 -16.650 0.000 
Bachelor's degree or higher 0.242 0.009 25.820 0.000 
Ogive index -0.013 0.001 -11.030 0.000 
Services -0.025 0.006 -3.830 0.000 
Homeownership rate 0.047 0.007 6.960 0.000 
Agricultural employment -0.100 0.008 -12.160 0.000 
Trend in Infant mortality -0.019 0.014 -1.280 0.199 
Population growth -0.002 0.003 -0.680 0.493 
Population density 0.017 0.002 11.180 0.000 
County Area 0.002 0.003 0.690 0.492 
Ethnic Diversity 0.014 0.008 1.680 0.094 
Ethnic Diversity squared -0.049 0.014 -3.520 0.000 
Gini -0.241 0.036 -6.710 0.000 
Gini squared 0.559 0.046 12.180 0.000 
Rural 0.183 0.068 2.660 0.008 
Urban -0.034 0.071 -0.480 0.631 
Great Lakes 0.286 0.183 1.560 0.118 
Plains -0.332 0.251 -1.320 0.187 
Southeast 0.079 0.265 0.300 0.766 
Southwest -0.133 0.302 -0.440 0.660 
Rocky Mountains -0.679 0.159 -4.280 0.000 
Far West 1.207 0.214 5.630 0.000 
Adjusted R-Squared: 0.995 
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CHAPTER V 
SUMMARY AND CONCLUSIONS 
 
Summary 
The health consequences of pollution have mostly been researched by epidemiologists in 
studies that link individual or household level characteristics with neighborhood or county level 
socioeconomic data. Racial and socioeconomic disparities in income, pollution exposure, and 
health status have been studied mostly by epidemiologists and sociologists. The economists’ 
increased interest in environmental health issues produced several studies that examined the link 
between pollution and health at the zip code or county level of aggregation (Neidell, 2003; Chay 
and Greenstone, 2003). The study of Gangadharan and Valenzuela (2001) examined endogenous 
relationships between various forms of pollution and population health in a cross-country 
framework. The present thesis expands on the Gangadharan and Valenzuela’s study by adding an 
endogenous income variable in the simultaneous model of infant mortality, pollution, and 
income and applies the model to the United States counties.  
The infant mortality rate is used as the population health indicator. Three different 
pollution measures lead to three estimated models for chemical releases, air pollution, and 
drinking water violations. Each model consists of the infant mortality equation, formulated 
according to the health production literature; the pollution equation, which investigates the 
hypothesis of the Environmenal Kuznets Curve specific to each pollutant; and the income 
equation which completes the system by testing the presence of endogeneity between income 
and pollution as well as income and the infant mortality rate. The infant mortality equation 
includes endogenous pollution and per capita income, while controlling for such variables as 
population risk factors, environmental risk factors, and medical care access. The pollution 
equation includes endogenous income and the income squared terms, urban-related variables, 
industry structure, and pollutant-specific variables of interest, such as the relation of agricultural 
run-off to the drinking water violations. The income equation contains endogenous pollution and 
infant mortality, while controlling for demographic and socioeconomic variables such as 
educational attainment and industry structure. Furthermore, each equation includes variables of 
particular interest - income inequality, ethnic diversity, and rural and urban indicators - in order 
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to investigate if disparities in infant mortality, pollution, and income follow trends in racial, 
socioeconomic, and rural-urban differences. 
Pollution is hypothesized to have a direct adverse effect on infant mortality, while income 
is thought to reduce county rates of infant mortality. As long as pollution and income are 
positively associated, pollution may also have a positive effect on infant mortality through its 
income effects, all else being equal. The initial hypotheses are tested using two-stage least 
squares to estimate a three-equation simultaneous system that accounts for regional fixed effects. 
The model is applied to 2,600 U.S. counties with the most recently available data that covers the 
period from 1997 to 2000. 
 
Conclusions 
Statistically, all three models of TRI chemical releases, air pollution, and drinking water 
violations, perform well with relatively high R-squared values and with varying degrees of 
significance for the variables of interest. The TRI chemical release model is the only model 
where the endogenous pollution variable is positive (in sign) and a significant determinant of the 
infant mortality rate (IMR), thereby confirming the initial hypotheses that greater pollution levels 
would be associated with higher IMR.  
The TRI chemical release model gave grounds to doubt the robustness of the 
Environmental Kuznets Curve, because the relationship between income and pollution was a U-
shaped curve, not the expected inverse U-shaped curve. In this case, an increase in income is 
associated with a decline in pollution at low ranges of income until a minimum is reached, after 
which income and pollution would follow an upward path. The low turning point for the TRI 
chemical release model ($1,463) is out of the range of the sampled data. This signals that all 
counties are located on the rising portion of the U-curve for TRI chemical releases. Therefore, 
high income counties would tend to have higher levels of TRI chemical releases, all else being 
equal. As reflected by the results of the income equation, counties with higher TRI chemical 
releases would tend to have higher incomes, indicating the two-way positive relationship 
between income and pollution. One of the theoretical explanations for the inverted U-curve for 
pollution and income is that once high income is attained, regions start investing in pollution 
abatement technology, which may create a negative relationship between pollution and income. 
Thus, one possible reason for the observed U-shaped curve between TRI chemical releases and 
89 
income is that high income counties fail to invest in pollution abatement technology 
proportionately to their income, which may potentially cause pollution to rise along with income. 
When the TRI chemical releases and per capita income data are plotted, it is apparent that the U-
curve is very flat, which implies that, for highly developed countries such as the United States, 
the EKC may not exist due to there being little variation in income relative to the variation in 
pollution. 
The infant mortality rate is negatively associated with county per capita income, 
indicating a potential feedback effect of mortality on income. The negative effect of the infant 
mortality rate on per capita income may arise from contemporaneous interactions between 
income and infant mortality. Micro-level studies also find a negative feedback effect of poor 
health on the household’s or individual’s earning potential and income. Macroeconomic studies 
(Bhargava et al., 2001; Bloom et al., 2004) find a significant negative impact of poor public 
health, usually measured by population life expectancy, on GDP. These effects are especially 
pronounced in developing countries.  Thus, the model confirms the results of previous studies. 
By calculating the elasticity of infant mortality with respect to pollution, the direct effect 
of pollution on infant mortality variable is observed. Thus, for a 1% increase in TRI chemical 
releases, a 1.24% increase in the infant mortality rate may be expected. The indirect effect of 
pollution is measured by adding the elasticity of infant mortality with respect to income (-
0.0631) and the elasticity of income with respect to pollution (0.007). The net effect is that a 1% 
increase in TRI chemical releases leads to a 5.61% decline in the infant mortality rate because of 
an increase in county income. By comparing the direct and indirect effects of chemical releases, 
it can be concluded that the indirect protective effect of income exceeds the direct adverse effect 
of pollution.  
Results for the TRI chemical release model also indicate that income inequality is not a 
significant determinant of the infant mortality rate. However, income inequality is positively 
associated with the pollution level and negatively associated with income, implying that counties 
with high income inequality also have higher levels of TRI chemical releases and lower incomes 
(at the low range of income inequality), all else being equal. At higher ranges of income 
inequality, one can expect an eventual decline in pollution and a rise in per capita income. The 
low turning points, calculated in Chapter 4, indicate that income inequality has passed the 
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threshold value; thus, counties are located on the declining portion of the pollution-income 
inequality curve and a rising portion of the per capita income-income inequality curve. 
The ethnic diversity variable is not significantly different from zero (at the 95% 
confidence level) for either infant mortality or TRI chemical releases. However, a non-linear 
relationship with per capita income is identified, indicating that 74% of U.S. counties could 
experience a decline in per capita income if there is a rise in ethnic diversity. Thus, counties with 
a high minority population can be expected to have lower incomes, a result that is consistent with 
reports on the racial gap in poverty. 
The TRI chemical release model is the best-performing model. All of the endogenous 
variables are significantly different from zero in their appropriate equations, indicating that it is 
correct to treat the three variables of infant mortality, pollution, and income in a simultaneous 
system. In contrast, the pollution variable is not significant for the infant mortality rate in the air 
pollution model. Thus, it is not possible to calculate a direct adverse effect of air pollution on the 
infant mortality rate (IMR). Income continues to be a strong protective indicator of IMR in the 
case of the air model. The Environmental Kuznets Curve (EKC) hypothesis was confirmed only 
for the air model’s pollution equation, where per capita income was positive and significantly 
different from zero and the income squared term - negative and significant. Increases in income 
are at first associated with increases in pollution. As the maximum threshold of air pollution is 
reached, further growth in income is correlated with a decline in air emissions. The low turning 
point for the air model ($1,774) is, like the TRI model, out of the range of the sampled data. 
Thus, all U.S. counties would be located on the declining portion of the inverse U-shaped curve 
for air emissions. The results of the income equation demonstrate that counties with high levels 
of air pollution would tend to have higher incomes, as indicated by the significance of the 
endogenous pollution variable. The endogenous IMR variable is not a significant determinant of 
county income in the air model.  
A new result from the air model indicates that counties with higher ethnic diversity would 
have higher air emissions. Ethnic diversity does not seem to influence the county infant mortality 
rate. However, factor analysis shows that the ethnic diversity index is strongly and positively 
related to infant mortality, low birthweight, and proportions of teenage and unmarried mothers. 
The relationship between per capita income and ethnic diversity for the air model is also non-
linear as in the case of the TRI model. 
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The final model, drinking water violations, does not confirm the hypothesis that counties 
with a greater number of violations have a higher infant mortality rate (IMR). Counties with 
higher per capita income tend to have lower IMR. However, higher income inequality could lead 
to worse infant mortality rates, confirming the findings from epidemiology. There is no evidence 
of any kind for a non-linear relationship between this particular pollution measure (drinking 
water violations) and per capita income. The regression only shows that counties with higher per 
capita income tend to have a greater number of drinking water violations and vice-versa.  
All of the regression estimates, however, have to be interpreted with caution because the 
model does not correct for spatial proximity of counties, an important concern when one deals 
with physical phenomena, such as pollution. Thus, the two pollution measures of air emissions 
and TRI chemical releases will not accurately reflect the “true” pollution level in a county or the 
real risk of pollution exposure. A county with zero or low levels of recorded emissions may be 
located upstream or upwind from a county with high levels of emissions. Drinking water 
violations are a better measure of the ambient local environmental quality in this respect, since 
violations are recorded based on the drinking water quality as consumed by county residents. 
However, it is possible that polluted areas may have relatively fewer violations due to the 
strength of enforcement and stringency of local environmental policy. The drawback of the 
drinking water violations measure is that it does not reflect the nature and/or the severity of the 
violation. One possible way to eliminate the problem of transboundary pollution is by 
aggregating up to a regional scale, where pollution is not likely to disperse over large enough 
distances to become significant. Thus, every regression model includes regional fixed effects that 
not only control for unobservable regional characteristics, but also allow meaningful 
interpretation of the spatial patterns of pollution, infant mortality, and income. 
The analysis of regional patterns and estimates of regional fixed effects imply that 
regions with higher pollution tend to have higher incomes although they may have higher or 
lower infant mortality rates, all else being equal. Thus, for example, the richest and the smallest 
region (New England and the Mideast) has the highest levels of air emissions and TRI chemical 
releases, the highest per capita income, and the lowest infant mortality rate. The Southeast 
region, the largest region in the study, is of particular interest because it has much higher rates of 
infant mortality, compared to other regions, greater levels of pollution, based on model 
estimation, and lower per capita incomes. It may be useful to conduct future spatial analysis 
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using alternative regional definitions at a finer scale. For example, in the Southeast region, 
Appalachian region and the historical Black Belt counties are of particular interest with regard to 
spatial correlation between high poverty and high infant mortality rates. Future studies may focus 
on these particular problematic micro-regions in order to better understand relationships between 
health, income, and pollution. 
 Policy applications using the results of this study are limited due to variable confounding 
and omitted variable bias, problems inherent in ecological or aggregate-level studies such as this 
thesis. Multicollinearity effects, which are common with socioeconomic variables, such as 
income, education, race, income inequality, and rural-urban indicators, introduce inefficiency 
into the model. Ultimately, the type of model estimated in this study is best used for testing. This 
model is not appropriate for predicting precise impacts of pollution and income on the infant 
mortality rate. The present study is purely ecological because only aggregate level data on 
counties is used. Counties are treated as individual or separate entities in contrast to the many 
public health and epidemiological studies that combine individual level with county level data. 
Ecological studies may easily lead to a model with omitted variable bias due to the many 
unavailable or unobservable political and historical factors important for economic development 
and population health. 
 The model confirms that a complex array of forces plays parts in determining levels of 
infant mortality, pollution, and income in the U.S. counties.  Environmental and health policy 
should focus on alleviating poverty, an especially salient feature in rural counties that happen to 
have much higher infant mortality rates. In general, the rural-urban gap in the infant mortality 
rates may be attributed to differences in income rather than pollution.  
For the air model, pollution and income are negatively associated. Pollution and income 
are positively related to each other in the TRI releases and drinking water violations models. One 
possible explanation is that counties have not invested sufficiently in abatement technology to 
reduce total chemical releases. However, reaching a high income level in a county does not 
guarantee that pollution will decline, because governmental policy that provides incentives for 
pollution abatement is a final determinant of the outcome. 
Thus, two of the three estimated models indicate that pollution (TRI chemical releases 
and drinking water violations) and income tend to rise together. Regions such as the Southeast 
that have both high levels of pollution and high infant mortality rates, as well as low per capita 
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incomes, deserve further study and attention from policymakers. Regions, like New England and 
the Mideast, and the Great Lakes, that have high pollution and income levels, but low infant 
mortality, should still take precautions in the type of development and economic growth 
strategies they choose to follow. It is possible that further growth in income and pollution may 
lead to an increase in infant mortality rates. Further research is needed to determine the 
approximate threshold of pollution beyond which income may cease to be a protective factor for 
infant mortality or other population health indicators. 
 Besides rural-urban gaps in income and infant mortality, the problem of environmental 
justice is also evident at the aggregate level. Counties with greater ethnic diversity or minority 
population are more likely to have greater air emissions, higher infant mortality, and lower per 
capita incomes. As mentioned in the introduction, minorities face disproportionate levels of 
poverty and all the problems associated with low socioeconomic status, such as a higher 
likelihood of pollution exposure and greater health problems, resulting in elevated infant 
mortality rates in their counties. U.S. public policy has a long way to go in reducing racial 
disparities. Furthermore, income inequality also seems to be a detrimental factor for infant 
mortality and pollution, although relationships are non-linear in this case, requiring a more 
careful consideration. 
 As mentioned earlier, the endogeneity between income and pollution can be theoretically 
justified and is evident from the model. Similarly, there is a two-way association between 
income and infant mortality. Regions with high poverty rates or low per capita incomes tend to 
have high infant mortality rates, and high infant mortality rates may lead to lower incomes due to 
deterioration in human capital. Most macroeconomic studies that examine the impact of poor 
health on income or economic development use life expectancy measures. However, infant 
mortality was used in this study to best capture pollution effects. It is possible that infant 
mortality is determined contemporaneously with per capita income, rather than functioning as a 
causative agent for income, especially in a developed country like the United States. The adverse 
impacts of mortality on economic development are more applicable and significant for 
developing countries, which have much lower life expectancy and higher mortality rates (both 
adult and infant) than the developed countries. In this case, it is difficult to argue that a high 
infant mortality rate would cause a further decline in income levels in a country like the United 
States. Thus, future research may estimate the relationships between these three variables 
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(pollution, income, and infant mortality) in a manner different from that employed in this thesis. 
Specifically, it might be better to use a simultaneous framework for the pollution and income 
variables, but estimate infant mortality, as a function of pollution and income, in a separate 
equation. Alternatively, other measures of public health, like chronic morbidity and certain 
disease incidence (i.e. cancer), can be used in studies that focus on interaction between income 
and health. 
Furthermore, a model could be estimated using low birthweight as an endogenous 
variable instead of infant mortality rate, since both of these variables are sensitive to 
environmental quality. The infant mortality rate and low birthweight are highly correlated 
variables. Epidemiology research often examines how pollution results in various birth defects, 
including low birthweight. It is possible that the relationship between some pollution measures 
used in this study, such as air pollution and drinking water violations, and the infant mortality 
rate is obscured by the use of the low birthweight variable as a control variable in the infant 
mortality equation. Lastly, future research can estimate the model using spatial econometrics 
techniques to minimize issues related to spatial dependency and cross-county pollution transport.  
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APPENDIX 
 
Table A.1. Top 50 Counties in the number of drinking water violations and TRI releases to 
water. 
 
State County 
Drinking 
Water 
Violations State County 
TRI 
Releases to 
Water index 
AL Henry 66.67 AL Autauga 14.41 
AL Winston 46.15 AL Choctaw 27.98 
CO Rio Blanco 48.08 AL Clarke 15.36 
GA Bleckley 81.40 AL Dallas 35.50 
GA Elbert 166.67 AL Lawrence 35.84 
GA Montgomery 76.02 AL Marengo 14.10 
IA Chickasaw 59.03 AL Mobile 75.56 
IA Howard 54.55 AL Monroe 33.15 
IA Plymouth 47.62 AL Talladega 41.79 
IL White 120.00 AL Wilcox 20.15 
KS Kearny 48.78 AR Ashley 79.60 
KS Saline 53.44 AR Little River 34.92 
KS Stafford 160.00 CA Humboldt 217.47 
KS Thomas 64.00 CT New Haven 18.48 
MD Cecil 42.91 FL Escambia 18.74 
MN Kittson 40.00 GA Early 11.09 
MN Rock 46.67 GA Floyd 25.13 
ND Barnes 50.15 GA Richmond 24.57 
ND McKenzie 39.87 IN Warrick 28.63 
ND Mountrail 45.73 KY Hancock 13.95 
ND Pierce 51.43 LA East Baton Rouge 50.32 
ND Walsh 48.54 LA Morehouse 25.94 
NE Cherry 46.09 ME Franklin 21.09 
NM Union 38.46 ME Oxford 16.50 
NY Genesee 40.00 MI Kalamazoo 12.06 
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Table A.1. Top 50 Counties in the number of drinking water violations and TRI releases to water 
(Continued). 
 
State County 
Drinking 
Water 
Violations State County 
TRI 
Releases to 
Water index 
SC Abbeville 41.67 MS Lawrence 28.73 
SC Greenwood 43.03 MT Missoula 11.26 
SC Saluda 66.15 NC Cleveland 12.70 
SD Codington 57.03 NC Martin 25.69 
SD Corson 54.76 NH Coos 12.01 
SD Shannon 39.72 NJ Salem 11.17 
TN Bledsoe 75.14 NY Monroe 33.01 
TN Coffee 48.00 NY Saratoga 12.51 
TN Decatur 53.33 OH Ashtabula 49.05 
TN Hickman 43.24 OH Washington 65.25 
TN Lawrence 41.38 SC Georgetown 23.09 
TN McNairy 40.00 SC Marlboro 13.06 
TN Meigs 43.48 SC Richland 14.40 
TX Fayette 60.00 SC York 34.81 
TX Reagan 160.00 TN McMinn 13.54 
TX Upton 160.00 TN Sullivan 29.32 
VA Floyd 42.90 TX Cass 19.74 
VA Giles 38.90 TX Jasper 22.49 
VA Madison 40.36 TX Nueces 11.56 
VA Prince Edward 56.91 WA Clark 31.11 
WI Door 43.14 WA Cowlitz 38.20 
WI Taylor 48.34 WA Snohomish 16.97 
WV Grant 60.61 WA Whatcom 16.58 
WV Mercer 40.05 WI Grant 12.05 
WV Webster 43.90 WI Wood 13.59 
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Figure A.1 U.S. Bureau of Economic Analysis (BEA) regions. 
 
 
Color scheme: 
  Red  - New England and the Mideast region 
  Yellow - Great Lakes 
  Light Green - Southeast 
  Beige  - Plains 
  Light Pink - Southwest 
  Dark Pink - Rocky Mountains 
  Dark Green - Far West 
98 
Figure A.2 Spatial patterns for Infant Mortality Rate for U.S. counties. 
 
Data is presented from the lowest to the highest quintile - infant deaths per 1000 live births. 
Color Scheme: 
  Green  - 0 – 3.6  
  Light Green - 3.6 – 5.9 
  Yellow - 5.9 – 7.7 
  Light Red - 7.7 – 10.3 
  Red  - 10.3 – 54.1 
  White  - Missing Data 
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Figure A.3 Spatial patterns for TRI chemical releases for U.S. counties 
 
Data is presented from the lowest to the highest quintile – TRI chemical releases in pounds per 
square mile. 
Color Scheme: 
  Green  - 0 – 0.403  
  Light Green - 0.403 – 26.538 
  Yellow - 26.538 – 213.783 
  Light Red - 213.783 – 845.034 
  Red  - 845.034 – 374,266.762 
  White  - Missing Data 
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Figure A.4 Spatial patterns for Air Pollution for U.S. counties 
 
Data is presented from the lowest to the highest quintile – Air Emissions in pounds per square 
mile. 
Color Scheme: 
  Green  - 0.822 – 23.355  
  Light Green - 23.355 – 38.225 
  Yellow - 38.225 – 57.442 
  Light Red - 57.442 – 136.446 
  Red  - 136.446 – 4,412.451 
  White  - Missing Data 
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Figure A.5 Spatial patterns for Per Capita Income for U.S. counties. 
 
Data is presented from the lowest to the highest quintile – Per Capita Income in thousands of 
dollars ($1000). 
Color Scheme: 
  Green  - 6.286 – 15.457  
  Light Green - 15.457 – 16.718 
  Yellow - 16.718 – 18.582 
  Light Red - 18.582 – 21.462 
  Red  - 21.462 – 44.962 
  White  - Missing Data  
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Figure A.6 Spatial patterns for the number of Drinking Water Quality Violations for U.S. 
counties. 
 
 
Data is presented from the lowest to the highest quintile – Number of Drinking Water Violations 
per 100,000 people. 
Color Scheme: 
  Green  - 0.002 – 0.0614  
  Light Green - 0.0614 – 2.181 
  Yellow - 2.181 – 4.878 
  Light Red - 4.878 – 10.216 
  Red  - 10.216 – 166.667 
  White  - Missing Data  
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Figure A.7 Spatial patterns for the Agricultural Run-off Potential Index. 
 
Color Scheme: 
  Green  - Index value of 0 (minimum run-off potential) 
  Yellow - Index value of 1 (average run-off potential)  
  Red  - Index value of 2 (highest run-off potential) 
  White  - Missing Data 
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